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ABSTRACT

With the advent of deep learning in the recommendation field, a lot
of work has been and still is being done to bring deep learning-based
models to their full potential. One line of work, Self-Supervised
Learning (SSL), focuses on extracting the maximum potential of
datasets to improve recommendation performance, and at the same
time, attempts to diminish data-related problems, such as data spar-
sity, that are commonly seen in machine learning techniques. One
branch of SSL for recommender systems uses predictive strate-
gies to create new labels and examples for training by, for in-
stance, adding new interactions to the user’s history of interac-
tions. However, the existing models that explore this idea are some-
what limited. They focus on adding new interactions at the start
of the sequences, ignoring the performance improvements that
could be achieved by adding interactions in the middle and end
of the sequences. We propose Extrapolation-based Sequence Aug-
mentation for Sequential Recommendation (ESA4SRec), a model
that uses the sequence reconstruction capabilities of BERT4Rec
to generate new data at any position of a sequence by extrap-
olating the existing knowledge to unknown, novel interactions.
The resulting augmented dataset is then used as input to a model-
agnostic sequential recommender system. We compare our ap-
proach to related models and demonstrate the performance im-
provements when compared with the original datasets and the
overall best performance of our method. ESA4SRec’s code available
at https://github.com/viniciusgm000/ESA4SRec.
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1 INTRODUCTION

In the last decade, deep learning has revolutionized countless fields
[13, 16, 29]. Recent developments in Natural Language Processing
(NLP), specifically with Transformers [39] and their novel approach
to sequence processing used in machine translation, have shown in-
credible advancements in accuracy and computational cost, paving
the way to many possibilities and improvements in numerous areas.
Recommender systems, being one of them, has seen a plethora of
studies in the last eight years that make use of the power of attention
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mechanisms and Transformers in general to improve recommen-
dation accuracy [37], computational cost [17], explainability [22],
and to perform data imputation [6], graph augmentation [42], and
many other possibilities that span different types of recommender
systems [20, 24, 30, 49].

From all the recommender systems types, those categorized as
Sequence-aware [33] have received much attention from the re-
search community because of their similarities with the NLP prob-
lem. Both try to capture the importance of different items or tokens
in a user’s sequence of interactions to predict the next item or token
with the highest accuracy possible. SASRec [17] and BERT4Rec [37]
have shown the relationship between sequential recommendation
and machine translation by adapting the original unidirectional
Transformer and the bidirectional counterpart [5] to the recom-
mendation problem with a few modifications, and demonstrated
their models’ superiority compared to other deep learning methods
[10, 11, 38]. Despite their effectiveness and promising results, they
have shortcomings and cannot avoid some of the most difficult
problems in deep learning, such as a sufficient data volume (7, 46].

Since then, many studies have been conducted, and some have
focused on the Self-Supervised Learning (SSL) aspect to approach
problems derived from the lack of sufficient information to train a
complex model such as a Transformer-based recommender system
[48]. These approaches rely on designing self-supervised tasks
to generate new supervision signals that partially overcome the
high data volume requirement problem. The models proposed by
these studies make use of a different number of ideas. The ones
categorized as predictive, especially ASReP [26] and BARec [15]
that perform sample prediction, are the most relevant to us, since
they inspired our approach to data augmentation. These models
perform data augmentation in the most common sense, increasing
the training samples by adding new data directly to the original
dataset. They do that by training with the reversed sequences of
interactions, aiming to learn to add new items iteratively at the
start of a user’s history. The augmented dataset is then used to
train the same Transformer architecture again, this time on the
correctly ordered dataset. BARec (formerly BiCAT) differs from
ASReP by using the reversed and forward sequences at the same
time, aiming to capture reversed correlations that align with the
forward correlations to generate better augmentations.

Although these ideas are inspiring, the original methodology
employed has been criticized for fundamental problems, concerning
possible data leakage, and, after modifications aimed at addressing
these issues, has difficulties overcoming other approaches [18].
They also limit data augmentation to the start of a sequence, not
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addressing the fact that the most important interactions are usually
the most recent ones [33].

With this in mind, we propose a new model called Extrapolation-
based Sequence Augmentation for Sequential Recommendation, or
ESA4SRec. The main idea of our method is to use the power of
bidirectional learning of models like BERT4Rec to create augmen-
tations that are not limited to the start of a user’s history sequence,
extrapolating the knowledge gained from learning to predict items
independent of the order, at any position, to introduce new interac-
tions in the original dataset, bridging gaps that may exist on the
system understanding of a user while making it easier to provide
better recommendations by artificially expanding users’ history of
interactions. The position of these augmentations is sampled from
a stochastic distribution. The model then treats these positions as
prediction targets and creates augmented interactions. Lastly, the
augmented dataset is used to train a model-agnostic sequential
recommender that will make improved recommendations with the
new dataset.

2 BACKGROUND

Following recent developments in Transformers and SSL for rec-
ommendation, we present a general view of recommender systems,
followed by a discussion on sequential recommendation, SSL, and
related works.

2.1 General Recommendation

In recommender systems, the main objective is to filter item catalogs
through recommendation, aiming to provide a more concise user ex-
perience. With that in mind, we can design simple, non-personalized
recommendation algorithms, for example, by recommending the
most popular items in a database. However, this approach does not
consider the target user’s preferences, so it has a high chance of
not satisfying a sizeable proportion of the user base.

Various approaches have been proposed to integrate the user’s
preferences into the recommendation algorithm. Some earlier ones
are based on Matrix Factorization techniques [3]. These methods
create latent representations (embeddings) of users and items and
model a user’s interest in an item as the inner product between a
user and a candidate item. For this purpose, different sources of
data can be used. One can create an embedding for a user using the
available metadata, which describes personal aspects, or, if privacy
is of major concern, the history of interactions with items can be
another option by approaching the sequence of interactions as a
representation of a user’s preference. On the items’ side, their em-
bedding can be achieved by using the same principles and modeling
the metadata or items seen together in the users’ interaction history.
These interactions can be implicit or explicit [12]. However, most
available datasets are implicit-based, so most research is done by
considering only implicit feedback, and so is ours.

Since these earlier developments, much has been proposed [19],
with some works incorporating information like the order of the
interactions [11], the moment that an interaction occurred, and
the time between interactions [21], contextual information (meta-
data) [34], and even entirely new representation approaches, like
knowledge-based graphs [40]. One line of work that stood out the
most is sequence-aware recommender systems.
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2.2 Sequential Recommendation

Sequence-aware or Sequential Recommender Systems (SRS) are
recommendation algorithms that model the relationships between
items in the user’s sequence of interactions. By doing so, they aim to
identify and capture sequential patterns, making it easier to predict
future interactions with better accuracy.

Some earlier works on SRS focused on modeling the relationship
between the current interaction and the previous one [35]. However,
as much as the last interaction is usually the most important one
[33] when predicting future interactions, the other interactions
can still hold important relationships and patterns that could be
decisive to make a good recommendation.

Different models have incorporated the last few or even the en-
tire sequence of interactions. Some have considered each item’s
embedding in a sequence as an image, using convolutional tech-
niques from computer vision to capture higher-order transitions
between items [38]. Similarly, other models have applied different
knowledge from fields beyond recommender systems, incorporat-
ing ideas from NLP, such as Recurrent Neural Networks (RNN) [11].
These approaches model the sequential aspect on an architectural
level and create more refined representations considering short-
and long-term dependencies. By doing so, they aim to capture a
better understanding of the relationships between items.

Although RNN-based models are interesting, they have a major
problem: training time requirements. Since these techniques model
the sequential aspect at an architectural level, they are usually
bound to processing one interaction at a time. New advancements
in the NLP field have gained much attention on this aspect. Studies
have shown the power of self-attention mechanisms and, more im-
portantly, the Transformer [39] and its entirely self-attention-based
structure, which enables sequence processing without limiting the
input to a single item (or token in NLP) at a time. These techniques
interpret each token as the sum of the representation of all relat-
able tokens (tokens that have been present in the same sequence).
The idea is that tokens usually seen in the same sequences tend
to have a more important relationship and are more informative
when creating a good representation. The order of the tokens is
still considered by a module called positional encoding. It provides
a unique representation for each token, considering its position in
the original sequence, and enables the model to process as many
tokens simultaneously as possible.

Many approaches that use Transformers for SRS have been and
are being proposed. Some of the earlier ones and most important
are SASRec [17] and BERT4Rec [37]. The former adapts the original
unidirectional Transformer for SRS, while the latter is an adaptation
of BERT [5], a bidirectional Transformer. SASRec works with a
next-item prediction task, so its training is modeled after the same
principle by giving the model one interaction at a time, cumulatively,
and trying to predict the next one. BERT4Rec, on the other hand,
has access to all the training interactions and uses a Cloze task,
which aims to train the model to reconstruct randomly corrupted
portions of the original sequence.
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2.3 Self-Supervised Learning

Despite the performance and computational cost achieved by SRS
based on Transformers, they are still prone to the usual deep learn-
ing problems, with a sufficient data volume being one of the most
important [7]. SSL emerged as a possible solution to this problem.
Techniques based on this paradigm design self-supervised tasks to
extract knowledge from unlabeled data, generating new supervi-
sion signals [4, 48] that can be used to alleviate the lack of sufficient
data. By [48], SSL methods can be divided into four categories:
contrastive, generative, predictive, and hybrid.

Contrastive methods usually approach each user/item/sequence
as a class and try to approximate the representation of examples
in the same class, while increasing the distance between the rep-
resentations of examples in different classes. They often use data
augmentation procedures, such as cropping/masking/reordering,
to create these examples. For instance, in [45], the authors ap-
proached entire sequences of interactions as examples. In contrast,
[25] expanded on the idea with novel augmentation procedures,
[32] used an entirely different approach by making model-level
augmentations instead of data-level to alleviate the representation
degeneration problem.

Generative methods, on the other hand, work with the same
principle as the Cloze task [5], they learn to reconstruct (predict) a
portion of the original data. BERT4Rec [37] is one example in this
category. [36] makes use of the idea to create a universal user rep-
resentation by creating a general-purpose transfer learning model
with nine different tasks, while [27] explores subsequence pre-
diction instead of item prediction, learning to reconstruct entire
sub-embeddings.

Predictive methods are similar to generative but differ in how
the predictions are used. Generative methods reconstruct corrupted
data, while predictive methods generate new data. ASReP [26] is one
example of predictive SSL. The authors pre-trained the SASRec [17]
model with the reversed sequences to predict new items at the start
of each sequence until a threshold was reached. The augmented
dataset was then used to train the model again, this time with the
correctly-ordered sequence, and lastly, the model would predict the
next interaction as testing. This article inspired us, but, as already
stated, a data leakage problem has been pointed out in a recent
study [18], concerning the use of the test interaction as input in
the augmentation phase. BARec [15] expands on ASReP’s idea by
considering both reversed and correctly-ordered sequences.

Lastly, hybrid SSL methods aim to combine contrastive, genera-
tive, and predictive ideas. [1] pre-trains an attribute generator with
a generative approach to create new examples to train a contrastive
curriculum learning-based model later. [44] is similar to ASReP, but
the objective is to create better user representations, not better rec-
ommendations. Initially, the model is pre-trained with a generative
method, then it makes predictions at the end of a user’s sequence.

Our approach differs from these methods by: (1) using BERT4Rec
to augment each sequence, a model that learns to reconstruct a
sequence from a corrupted version, which we believe to be more
appropriate for sequence augmentation; (2) making augmentations
in a non-iterative way, which we suppose can lead to error propa-
gation, decreasing the quality of each consecutive augmentation;
(3) being able to add new interactions in a distributed manner, not
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restricted to the start or end of sequences; (4) providing a model-
agnostic recommendation module where the augmentation module
is completely detached from the recommendation module.

3 PROPOSED MODEL

Inspired by works as ASReP, SASRec, and BERT4Rec, we present a
hybrid SSL approach to data augmentation. It combines the power
of sequence reconstruction learned by BERT4Rec to extrapolate
its knowledge to unknown, randomly placed missing items on a
given user’s sequence of interactions. We hypothesize that there
are gaps in a model’s understanding of a user, experiences not
represented in the current interaction history, that could be useful to
make better recommendations by bridging the current interactions
and providing smoother transitions between items. The following
subsections present our framework, Extrapolation-based Sequence
Augmentation for Sequential Recommendation (ESA4SRec). First,
we discuss the model in general, followed by exploring the three
main phases in detail.

Figure 1 presents the framework and its three main phases. In the
first phase, Pre-training (Figure 1b), the BERT4Rec model is trained
as normal, aiming to learn to reconstruct sequences from corrupted
versions. Second phase, Extrapolation augmentation (Figure 1c),
approaches all original sequences as if they were already corrupted
by adding masks in random positions that are replaced with item
predictions made by the model trained in the earlier phase. The
augmented or extrapolated dataset is then passed to the third phase,
Training and recommendation (Figure 1d), where a model-agnostic
SRS is used to make the next-item prediction. For example, we use
SASRec and BERT4Rec in this phase.

3.1 ESA4SRec

ESA4SRec assumes that every sequence of interactions is already
corrupted and uses the Cloze task of models like BERT4Rec to re-
construct the "original" version. To simulate this condition, masks
are inserted on sampled positions, and the model is tasked with
predicting these masks. The idea is that in the training phase, the
model would learn patterns in the entire dataset, which could be
used to bridge these gaps created in the sequence. In the augmen-
tation phase, it would generalize and extrapolate the knowledge
acquired. The items inserted into the gaps would not harm an SRS’s
performance since they would only connect existing items, making
it easier for another SRS to detect and predict patterns in a user’s
history of interactions.

The idea is similar to the sequence extension category present in
[4]. However, instead of making iterative cumulative insertions at
the end or start of a sequence, as in most models pointed out by the
survey, our approach can generate new items in any position, all
simultaneously, without the risk of propagating errors with each
insertion. Our idea can also be compared with data imputation
techniques [6, 14], where known missing values are filled with dif-
ferent methods. Although, in our case, we are purposefully creating
supposed missing values.

3.2 Pre-Training

The pre-training phase consists of training the bidirectional Trans-
former for SRS, BERT4Rec, as designed. BERT4Rec learns to recreate
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Figure 1: Our proposed framework, ESA4SRec. (a) A general view of the model. (b) The pre-training phase, where BERT4Rec
is trained to reconstruct corrupted sequences. (c) The sequence extrapolation augmentation phase, where the model trained
earlier is used to predict new interactions in randomly selected positions. (d) The training and recommendation phase, where
the data-extrapolated dataset is used by a model-agnostic SRS (here we use SASRec as an example) for the next-item prediction.
Interactions i are the original interactions, and a represent the augmented interactions. Trm represents the transformer model.

the original sequence from the corrupted version by randomly sam-
pling a percentage of the interactions, masking these selected items,
and asking to predict these items. The resulting model can extrap-
olate a limited view of the original data to a, hopefully, complete
view. The training data consists of all items, except each user’s
validation and test interactions (second-to-last and last interaction,
respectively). The original prediction phase is removed, and the
new augmentation phase follows.

3.3 Extrapolation Augmentation

The sequence extrapolation augmentation phase starts with sam-
pling positions to insert new unknown items (mask items) into the
existing sequences. This sampling can be random or pre-determined
with patterns. In our experiments, the random sampling usually
performs better, but the pre-determined sampling has advantages in
some datasets. A hyperparameter specifies the percentage of items
to be added to each sequence to control both sampling methods.
This percentage is proportional to each sequence length, and new
insertions are made until this limit or the model’s maximum length
is reached.

The random sampling can be done with different distributions,
such as normal, linear, or exponential, as exemplified in Figure
2). However, we discovered that the exponential distribution tail-
focused is the best in almost every case, making it the default
distribution.

The pre-determined sampling creates windows of augmentation
between every original item (interval), and makes an insertion
in each window from end to start until the maximum number of
insertions is reached, as illustrated in Figure 3. Different values for
the interval have been tested, and one item between every window
performed the best in our tests.

After insertion, the model trained in the last phase predicts the
inserted masks for every sequence. Every item, excluding items
already present, is ranked for each position simultaneously, and
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Figure 2: An example of normal, exponential, and linear
distribution used in the random sampling, respectively. Here,
100 positions were sampled 10000 times.

Figure 3: An example of patterned sampling with windows
of augmentation for every original item. The insertions are
made from end to start until the maximum number of in-
sertions, determined by ceiling(p * sequencelength), is reached.
Where p is a hyperparameter that specifies the number of
augmentations that will be done as a percentage relative to
the sequence length.

the algorithm selects the one that ranked first for every position
from right to left, avoiding duplicate items.
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3.4 Training and Recommendation

After augmenting the sequences, the resulting dataset is passed to
another SRS. In the Figure 1, we used SASRec to show the model-
agnostic characteristic of our solution. However, we also tested the
idea with BERT4Rec to further demonstrate the capabilities of our
approach. Any SRS could be used if the data format is recognized. If
not, it can be converted easily. We call the version that uses SASRec
as the recommendation module ESA4SRec-S, and the version that
uses BERT4Rec, ESA4SRec-B.

SASRec’s training was not altered. It uses the same next-item
prediction task specified on [17]. At the end of the training phase,
the model is tasked with predicting the future item, the test inter-
action, given the training and validation interactions. The same is
true for BERT4Rec, it is the same model that we compare with in
our experiments, we just adjusted the dataset input.

4 EXPERIMENTS

In this section, we present our experimental setup, results, and
analyses, aiming to answer the following research questions (RQs):

e RQ1: (Recommendation test) Is ESA4SRec capable of improv-
ing sequential recommendation performance?

e RQ2: (Sequence length test) How does ESA4SRec perform
over different sequence length intervals?

e RQ3: (Model-agnostic test) Are performance improvements
provided by ESA4SRec independent of the model used for
recommendation?

4.1 Datasets and Metrics
To validate our model, we used the following datasets:

e Amazon Beauty and Amazon Video: Datasets from the Ama-
zon marketplace platform, here filtered to the datasets from
the "Beauty” and "Video Games" categories [9, 28];

e MovieLens 1M and MovieLens 20M: Datasets of varying
amounts of interactions from the MovieLens website [8], a
platform where users can find details about their favorite
movies, manage the ones that they have already watched,
and get recommendations;

e Steam: A dataset introduced in [17] obtained from crawling
the largest distribution platform of video games.

To facilitate performance comparisons between different meth-
ods, all datasets were obtained from SASRec’s GitHub page! except
for the MovieLens 20M, which was acquired from the GroupLens
website?.

All datasets were pre-processed (again, in the case of SASRec’s
datasets) to guarantee the quality of the original data by removing
users and items with less than five interactions. Originally, SAS-
Rec’s pre-processing removed users and items with this condition.
However, new users and items can fall below this threshold by do-
ing so, which is not usually considered in other works. To avoid this,
we created a recursive procedure to remove users and items as long
as instances with fewer than five interactions exist in the dataset. In
addition to this procedure, we limited the sequence length to the 50
most recent interactions for all datasets, except for the MovieLens

!https://github.com/kang205/SASRec
Zhttps://grouplens.org/datasets/movielens/20m/
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Table 1: Datasets Statistics.

Dataset Beauty ML 1M  Steam  Video ML 20M
Source [17] [17] [17] [17] (8]
#Users 22011 6040 281137 23933 138493
#Items 11660 3328 11630 10072 15428
# Inter. 190003 660552 3143617 216873 12877320

Sparsity  0.99926  0.96714 0.99904 0.99910  0.99397

Avg. Len. 8.632 109.363 11.182 9.062 92.982

25% Q. 5 44 6 5 35
75% Q. 9 199 12 10 154

1M and 20M, which were limited to the 200 most recent interactions.
We present the resulting statistics for each dataset in Table 1. In
addition to the usual number of users/items/interactions, sparsity,
and average length, we added the 25% and 75% quantiles, which
will be important to evaluate the model’s performance in different
intervals of sequences’ length.

Following [17], all ratings in the MovieLens 20M dataset were
treated as interactions, independent of their given rating.

The sequences were split into test, validation, and training: the
last interaction, the second-to-last interaction, and all the remaining
interactions, respectively. For the ASReP and ESA4SRec executions,
the validation interaction was considered in the augmentation and
test phases, with the principle that the models should be able to use
all existing interactions, as long as they do not represent a future
interaction (an interaction that has not yet occurred). Following
this idea, the test interaction was not considered in any training or
augmentation phases.

Following the most common metrics for evaluation found in the
literature of sequential recommenders, we measured the Normal-
ized Discounted Cumulative Gain (NDCG) and Hit-Ratio (HR).

4.2 Compared Methods

To validate our model’s effectiveness, we compare it with the mod-
els that served as the basis for our implementation, SASRec [17]
and BERT4Rec [37]. In addition to these models, we compare our
approach to ASReP [26], the work that inspired our model and
works similarly to ESA4SRec, by extending the original sequences.

In our research, we considered making comparisons with other
models. However, to the best of our knowledge, ASReP and BARec
are the only models that extend the sequences directly while aiming
to achieve better recommendation performance with the augmented
sequences, and so, are the closest to our approach. Models like
L2Aug [41], STEAM [23], and DR4SR [47], pointed by [4], were
considered as candidates, but we did not find them suitable for a
fair comparison: L2Aug works by creating entirely new sequences;
STEAM tries to remove noise in a sequence and uses the resulting
sequence, together with the original, as input to the next-item
prediction training; DR4SR learns to extract patterns that can be
used to personalize the dataset to different target models.

The implementation of ASReP was modified by removing the test
interaction from the augmentation phase, addressing the concerns
presented in [18].
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BARec [15] was a possible candidate to compare our approach
to, considering that it extends ASReP, the main differences being
(1) that the model considers both the reversed sequence and the
original sequence as input to train the model, and (2) the model’s
backbone is now model-agnostic. The data leakage problem was
not addressed, so we decided not to use it.

While developing ESA4SRec, we found different implementa-
tions of BERT4Rec. We decided to use a version made on PyTorch,
considering the framework’s ease-of-use library compared to the
original implementation on Tensorflow version 1.x. BERT4RecVAE
[2] is a GitHub repository that implements BERT4Rec and a varia-
tional auto-encoder on PyTorch. It has been tested in a study [31]
of BERT4Rec’s overall performance, where the authors compared
different implementations to understand why the model showed
an inconsistent performance between various articles, and it per-
formed relatively well. We use the BERT4Rec implementation of
BERT4RecVAE as the backbone for our model and will use it as a
comparison instead of the original version in Tensorflow.

4.3 Implementation Details and Setup

To evaluate all models, we follow the common, recent methodology
adopted in most SRS works. We adapted all models to rank every
item (full-sampling) instead of making a sampled ranking like [17]
originally did, avoiding potential bias problems. We also added
interval evaluations to every model. In addition to evaluating all
sequences, the models can report the performance in sequences
that originally fall in different length intervals. The intervals con-
sidered are: 0% to 25% (inclusive) quantile, 25% (not inclusive) to
75% (inclusive) quantile, and 75% (not inclusive) to 100% (inclusive)
quantile.

The following model-specific adaptations were made. We ad-
justed the test in BERT4RecVAE, which did not consider the vali-
dation interaction, making the model predict two interactions in
advance instead of one, giving it a small disadvantage. We added
dumping to BERT4RecVAE’s implementation as seen in the Ten-
sorflow BERT4Rec. Originally, the Cloze task creates multiple cor-
rupted variants from a single sequence, a behavior controlled by a
hyperparameter called "dump". BERT4RecVAE did not implement
this, and was creating a single variant from each sequence, so we
added this option and chose 10 as the value for this hyperparameter,
as in the original code. Finally, to get BERT4RecVAE as close as
possible to the original implementation, in its current form, it does
not use the 80-10-10 corruption method [43], where 80% of the time
a corruption is replaced with the mask token, 10% with a random
item, and 10% the corruption does not occur. All corruptions are
replaced by the mask token 100% of the time.

For the SASRec and ASReP settings, we use the original hyper-
parameters found in the articles and their respective GitHub pages.
For the datasets not present in their analysis, we conducted the grid
search as pointed out in the articles. To make a fair comparison,
all models use 64 dimensions as the embedding size, and the maxi-
mum sequence length was set as 200 interactions for the MovieLens
datasets and 50 for the remaining.

To properly configure BERT4RecVAE and ESA4SRec, we made a
grouped grid search (grid searching a few parameters at a time) with
a small subset (10% for the MovieLens 20M and Steam datasets, 30%
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for the remaining) of each dataset. The learning rate was chosen
between {0., 0.01, 0.001}, dropout from {0.2, 0.4, 0.6}, number of
transformer blocks and heads from {1, 2, 4}, and mask probability
between {0.1, 0.2, 0.4, 0.6, 0.8}. We also used early stopping for these
two methods, finishing the training early if the validation metric
did not improve by 2% or more. And specifically for ESA4SRec, the
hyperparameter p that controls the amount of augmentations was
chosen between {1, 2, 3, 4, 5}. Recall that the number of interactions
added is determined by ceiling(p*sequencelength) or the maximum
length being reached.

The best thresholds for data augmentation in ASReP were found
by grid searching between the values {10, 20, 50} for the datasets
with maximum length equal to 50 and from {50, 100, 200} for the
ones with maximum length equal to 200.

4.4 Performance Analysis

Table 2 presents the performance achieved with the best setting for
the SASRec, BERT4RecVAE, ASReP, and ESA4SRec methods. We
present the models’ performance for NDCG@10 and HR@10. We
also show the relative performance gain of our approach (in bold)
over the best result from the compared models (underlined).

SASRec is the worst performer in our tests, followed by ASReP in
the non-MovieLens datasets, and BERT4RecVAE in the MovieLens
datasets. The modified version of ASReP has difficulties improving
the recommendation performance in datasets that have shorter
sequences compared to MovieLens. We believe that this is caused
by the iterative augmentation procedure and mostly by the fact
that the augmentation process is done at the start of sequences,
since the recent interactions are usually the most important ones.
In preliminary studies (absent given the lack of space), we have
compared our approach when making augmentations focused on
the first half of a sequence and the second half. We found that the
latter performed significantly better.

In general, we can see that ESA4SRec performs the best, with
NDCG improvements between 11.9 and 65.6% and HR between
2.8 and 40.4%. The exception is the MovieLens 20M dataset, where
ESA4SRec-B performed slightly worse than ASReP in the NDCG
metric. Table 3, which presents the performance achieved for differ-
ent quantiles of original length in the MovieLens 20M dataset, sheds
some light on the root of the problem. The difference was caused by
the sequences that fall within the first quantile, sequences that go
up to 35 interactions in length (Table 1), where ASReP performed
significantly better in the NDCG metric. At the moment, we are
not able to ascertain the cause of this, given that this was the only
occurrence.

Another exception happens in the Steam dataset, ESA4SRec-S
achieved the best results, while ESA4SRec-B performed significantly
worse than its SASRec counterpart. Table 4 shows the interval
metric evaluation for the Steam dataset. We can see that, strangely,
ESA4SRec-B had a worse performance in every interval. In this
case, we theorize that it was caused by overfitting. Comparing the
results between the default BERT4Rec and our ESA4SRec-B, we
can see that they are similar in the first and second intervals. In
our experiments, we simplified the grid-search procedure of our
approach’s recommendation module (SASRec or BERT4Rec) by
using the same parameters of the respective default models, found
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Table 2: Recommendation performance comparison. We report the results for NDCG@10 and HR@10.

Beauty Steam Video MovieLensIM  MovieLens20M
NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR

SASRec  0.024 0.055 0.058 0.112 0.040 0.091 0.106 0.226  0.076 0.162

BERT4RecVAE  0.037 0.070 0.065 0.123 0.055 0.105 0.141 0.257 0.125 0.225

ASReP  0.041 0.069 0.059 0.108 0.050 0.097 0.180 0.299 0.202 0.288

ESA4SRec-S  0.043  0.070 0.101 0.163 0.084 0.145 0.202 0.372 0.187 0.332

ESA4SRec-B 0.046 0.072  0.065 0.124 0.091 0.147 0.206 0.316 0.197 0.285

ESA4SRec-S / SASRec (%) 75.6 27.1 75.5 45.8 111.7 59.5 91.1 64.7 145.2 105.4
ESA4SRec-B / BERT4RecVAE (%) 25.8 2.8 -0.6 0.7 65.6 40.4 45.8 22.9 58.1 26.7
Bold / Underlined (%) 11.9 2.8 54.8 32.4 65.6 40.4 14.5 24.1 -2.5 15.6

Table 3: Interval performance comparison - MovieLens20M.

(0%-25%) 125%-75%) 175%-100%)
NDCG HR NDCG HR NDCG HR
SASRec 0102 0219 0.076 0162 0.049  0.102
BERT4R  0.180 0315 0122 0223 0.072  0.135
ASReP  0.346  0.441  0.200 0.296  0.057  0.110
E-S 0261 0455 0211 0373 0062 0.125
E-B 0291 0399 0209 0302 0.075 0.134
E-S/S 1555 1077 177.3 1307 257 217
E-B/B 619 266 713 351 44 -0.1
B/U -157 33 52 257 44 -0.1

in the original papers, and through grid-search for the new datasets.
We hypothesize that the original BERT4Rec already struggled with
the amount of data in the original Steam dataset, and that the
BERT4Rec recommendation module in ESA4SRec-B was not able to
handle the augmented dataset with the same parameters, requiring
adjustments.

Our approach achieved a similar relative performance gain in
all datasets, with the exception of the MovieLens and Amazon
Beauty datasets. The former was probably caused by ASReP being
unusually good in the MovieLens datasets. For the latter, we are
not sure what has caused this. For now, we hypothesize that this
could be a consequence of the dataset characteristics, making it a
difficult dataset.

Compared to other datasets, the MovieLens datasets are rela-
tively easy for SRS models to achieve high performance values,
even when using full-sampling for ranking. We believe that this
is caused by the high average length of the sequences and not the
number of items or sparsity, considering that the models achieved
high values even with the MovieLens 20M dataset, which has a
similar number of items and sparsity to the other datasets.

Answering RQ1 - Is ESA4SRec capable of improving sequen-
tial recommendation performance?: Compared to BERT4Rec and
SASRec, we can see that ESA4SRec-B and ESA4SRec-S, respec-
tively, increased the metrics of the original models significantly.
Considering that the hyperparameters were shared between the
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Table 4: Interval performance comparison - Steam.

(0%-25%) 125%-75%] 175%-100%]

NDCG HR NDCG HR NDCG HR

SASRec  0.059  0.116 0.058 0113  0.055  0.105
BERT4R  0.068 0.128 0.066 0.124  0.059  0.113
ASReP  0.063 0.112  0.060 0110  0.052  0.099
E-S 0.095 0.156 0.106 0.169 0.104 0.165

E-B 0060 0115 0.067 0128 0072  0.132
E-S/S 608 349 823 503 896 577
E-B/B  -122  -9.7 13 26 219 172
B/U 391 220 605 360 765  46.1

original models and the recommendation module of ESA4SRec, this
improvement was caused by the data augmentation process.

Answering RQ2 - How does ESA4SRec perform over different
sequence length intervals?: With the peculiarity of the MovieLens
20M dataset (Table 3) and the Steam dataset (Table 4). The other
datasets (not reported here, considering the limited space) achieved
higher metric values independently of the sequence length. The
sequences in the latter intervals, the longest, were able to reach
increasingly higher metrics, except for the MovieLens datasets,
which are already close to the maximum sequence length in the
last interval. This indicates the already known fact that users with
longer interaction sequences are usually easier to recommend to
and, with the same principle, to augment.

Table 5 shows the difference between patterned and random
exponential augmentation. The stochastic sampling method yielded
better results in all datasets, except for the MovieLens 1M and
20M datasets, where the patterned method performed significantly
better. We theorize that these datasets could be overfitting in the
most recent interactions, opening opportunities for performance
gains at the start of the sequences. This could also explain why
ASReP performs the best in these datasets, even if it only makes
augmentations at the start of a sequence. All metrics were reported
with these results in mind. MovieLens executions used patterned
sampling, while the remaining datasets used random exponential
sampling.
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Table 5: Performance comparison between random exponen-
tial and patterned augmentation for ESA4SRec-S. Random is
the best overall, except in the MovieLens datasets.

Patterned Random

Beauty NDCG 0.039 0.043

HR 0.066 0.070

Steam NDCG 0.086 0.101

HR 0.150 0.163

Video NDCG 0.077 0.084

HR 0.140 0.145

MovieLensiM NDCG 0.203 0.172
HR 0.372 0.313

MovieLens20M NDCG 0.187 0.180
HR 0.332 0.311

Answering RQ3 - Are performance improvements provided by
ESA4SRec independent of the model used for recommendation?:
As we could see in Tables 2, 3, and 4. It is possible to improve
recommendation accuracy in different models with our approach
by simply changing the model that receives the augmented dataset,
and we were able to achieve this in most datasets without adjusting
the hyperparameters. However, as we believe to be the case for the
Steam dataset (Table 4), it can be a necessary step for some datasets.

In summary, ESA4SRec was able to improve the original models
significantly, especially ESA4SRec-S. ESA4SRec-B had some pecu-
liarities, which we believe to be related to the fact that the model’s
parameters were not adjusted to the augmented dataset. Relatively
to the best model from the compared methods, our approach was
able to improve NDCG and HR with a significant margin, primarily
on datasets with shorter sequences, something not achievable by
ASReP. On datasets with longer sequences, as MovieLens 1M and
20M, we were able to provide a competitive performance, improv-
ing mainly HR. Our results showed a performance gain even in the
interval evaluation, improving recommendation independently of
the original sequence length, with exceptions mainly due to the
MovieLens datasets.

5 CONCLUSION

In this paper, inspired by models such as ASReP and BARec, we
proposed a novel approach to sequence augmentation that lever-
ages the power of sequence reconstruction of the BERT4Rec model
to augment sequences at any position. Our approach, ESA4SRec,
trains the BERT4Rec model as usual and uses the trained model to
extrapolate the original sequences by adding new interactions in
distributed positions, which can be sampled with a patterned or
random method. Extensive tests showed that ESA4SRec achieved
the overall best performance in the majority of the datasets tested.
We also proposed two different versions of our model, one that uses
SASRec and the other BERT4Rec, ESA4SRec-S, and ESA4SRec-B,
respectively, as a recommendation module. These variants showed
that our approach is capable of improving recommendation per-
formance for different models, demonstrating the model-agnostic
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characteristic. We also tested the performance in various intervals
of sequence length, and showed that it is possible to improve the
performance independently of the original length. For future works,
we list some options: (1) Test ESA4SRec in session-based datasets,
an even more extreme scenario with fewer interactions; (2) Explore
the model’s computational cost compared to other approaches. In
our tests, the model showed to be relatively fast thanks to the early
stopping used, which interrupted the training in less than five vali-
dations in most cases. However, it can be an interesting topic; (3)
Test ESA4SRec in datasets similar to MovieLens 1M and 20M, such
as the Gowalla dataset, to verify if the patterned augmentation
superiority is an exception to the MovieLens datasets; (4) Study
the model’s performance in the augmented datasets with a dedi-
cated hyperparameter grid search before training, specially for the
Steam dataset, instead of using the same hyperparameters from the
non-augmented datasets.
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