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ABSTRACT
Providing effective suggestions is of predominant importance for
successful Recommender Systems (RSs). Nonetheless, the need of
accounting for additional multiple objectives has become promi-
nent, from both the final users’ and the item providers’ points of
view. This need has led to a new class of RSs, called Multi-Objective
Recommender Systems (MORSs). These systems are designed to pro-
vide suggestions by considering multiple (conflicting) objectives
simultaneously, such as diverse, novel, and fairness-aware recom-
mendations. In this work, we reproduce a state-of-the-art study on
MORSs that exploits a reinforcement learning agent to satisfy three
objectives, i.e., accuracy, diversity, and novelty of recommendations.
The selected study is one of the few MORSs where the source code
and datasets are released to ensure the reproducibility of the pro-
posed approach. Interestingly, we find that some challenges arise
when replicating the results of the original work, due to the nature
of multiple-objective problems. We also extend the evaluation of
the approach to analyze the impact of improving user-centered
objectives of recommendations (i.e., diversity and novelty) in terms
of algorithmic bias. To this end, we take into consideration both
popularity and category of the items. We discover some interesting
trends in the recommendation performance according to different
evaluation metrics. In addition, we see that the multi-objective re-
inforcement learning approach is responsible for increasing the
bias disparity in the output of the recommendation algorithm for
those items belonging to positively/negatively biased categories.
We publicly release datasets and codes in the following GitHub
repository: https://github.com/sisinflab/MORS_reproducibility.

CCS CONCEPTS
• Information Systems→ Recommender systems; • Comput-
ing methodologies → Reinforcement Learning.
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1 INTRODUCTION
The primary focus of the recommender systems research commu-
nity thus far has been to construct algorithms that can detect and
propose accurate content to users. However, mainstream metrics
– such as accuracy – have frequently been prioritized during this
process, neglecting other high-quality content-derived elements.
The last few years have highlighted the diversity and novelty of
recommendations as indispensable factors for sparking user in-
terest, as encouraging a heterogeneous array of relevant items is
more likely to fulfill a user’s diverse needs [15, 27]. In addition, the
fairness in one- and two-sided marketplaces [10, 20, 26] and bias to-
wards certain groups of items and users of recommendations [3, 38]
have been classified as crucial due to the recent regulations on
trustworthy AI [25].

To this extent, several works have been proposed that evaluate
the recommendation techniques under a beyond-accuracy perspec-
tive or re-rank the recommendation lists [7, 20, 24]. However, it is
worth noting that training a model accounting for the sole accu-
racy can lead to less than optimal recommendations. This narrowly
focused training ignores other crucial goals, like encouraging long-
term engagement, promoting a diverse range of user-item interac-
tions, and ultimately leading to purchases. Nevertheless, achieving
these objectives requires a differentiable function that considers
both objectives, which is arduous. Consequently, Multi-Objective
Optimization (MOO) [22] is constrained when the objectives are
only represented by non-differentiable metrics or functions in spe-
cific domains.

Upon examining the current state of the recommendation re-
search, a growing trend has emerged, with researchers sharing the
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source code used in their experiments and algorithms [11]. This
trend is likely due to the mounting importance placed on repro-
ducibility as a significant criterion in academic peer reviewing.
However, for the majority of Multi-Objective Recommender Sys-
tems (MORSs) [4, 37], the source code was either not supplied or
lacked necessary details, making it difficult to reproduce the find-
ings reliably. The reasons behind this omission or lack of clarity
remain obscure, as a proper scientific paper must include all perti-
nent information for others to replicate the research accurately.

Given the importance of the reproducibility aspects in the re-
search community and the lack of reproducible works in MORSs,
in this work, we reproduce the results of a state-of-the-art Multi-
Objective Reinforcement Learning-based framework for recommen-
dation. In particular, we choose the work of Stamenkovic et al. [29],
who are among the few to release the source codes and datasets of
their MORS work. This framework aims to promote relevant, di-
verse, and novel recommendations simultaneously. However, some
limitations arise when reading the paper. First, the authors do not
explicitly specify the criteria for choosing the best models when
reporting their results. This aspect is critical because their frame-
work simultaneously deals with multiple objectives. Moreover, the
performance analysis is limited to the accuracy, diversity, and nov-
elty of recommendations. Therefore, the contributions of our work
are the following:

• We briefly survey the reproducibility context of MORSs, dis-
covering that most MORSs studies are published without being
accompanied by source codes and datasets, making reproducing
these works difficult;

• We reproduce the work by Stamenkovic et al. [29] with their
source codes and datasets. We analyze whether their results are
reproducible even if some important details are missing. We fur-
ther analyze if their framework allows controlling the influence of
each objective, given the intrinsic nature of diversity and novelty
of recommendation;

• We extend the evaluation of their framework to other dimensions,
by assessing the algorithmic bias of their framework on several
item categories. Firstly, we see if their framework amplifies the
source bias in the recommendation output. Secondly, we analyze
the equality and equity of the exposure of popular and unpopular
items.

2 CONTEXT OF MULTI-OBJECTIVE
RECOMMENDER SYSTEMS

This Section provides the context of the current state-of-the-art
MORSs, briefly recapitulating the most relevant and recent works
in the field. We survey these works from a reproducibility perspec-
tive. Indeed, we report Table 1 to summarize the papers which
are considered reproducible and non-reproducible. We consider a
paper to be reproducible according to two criteria [11]: the authors
release i) a working version of the source code, ii) the dataset they
use (possibly pre-processed). This review justifies our choice to
reproduce the work by Stamenkovic et al. [29].

Many approaches have been adopted to address multiple objec-
tives in the recommendation scenario. The most intuitive method is
re-ranking the recommendations produced by an algorithm trained
on accuracy metrics (e.g., nDCG, Recall) to fit other objectives.

Table 1: Reproducible and non-reproducible state-of-the-art
works regarding MORSs.

Work Venue/Journal Year Source Code Datasets

Lin et al. [21] RecSys 2019 ✗ ✓

Li et al. [20] WWW 2021 ✓ ✓

Xie et al. [33] WWW 2021 ✗ ✗

Naghiaei et al. [24] SIGIR 2022 ✓ ✓

Wu et al. [32] TOIS 2022 ✗ ✗

Ge et al. [14] WSDM 2022 ✗ ✗

Stamenkovic et al. [29] WSDM 2022 ✓ ✓

In this regard, Li et al. [20] propose a user-fairness oriented re-
ranking strategy to make recommendations fair for advantaged and
disadvantaged groups according to their level of activity. Rahmani
et al. [26] reproduce this work discovering that the user-oriented
re-ranking strategy does not mitigate popularity bias among users
with different degrees of interest toward popular items. Therefore,
they highlight the need to look at several dimensions of analysis
when blending multiple objectives. Conversely, Naghiaei et al. [24]
implement a re-ranking strategy to meet objectives both from user
and provider fairness. Another family of works [21, 32] leverage on
the Karush–Kuhn–Tucker (KKT) conditions [28] to blend the objec-
tives in a scalarization function to gather a single Pareto optimal
solution through a Multi-Gradient Descent Algorithm (MGDA) [13].
Last, some recent papers employ Multi-Objective Reinforcement
Learning (MORL) to consider several objectives simultaneously.
Ge et al. [14] propose MoFIR by considering CTR for relevance
and item exposure for provider fairness as objectives. They modify
a commonly used RL algorithm (DDPG) by introducing a condi-
tioned network. Stamenkovic et al. [29] present SMORL, a Scalar-
ized MORL framework to simultaneously satisfy accuracy, diversity,
and novelty in session-based RSs.

Although most of MORSs works present prominent algorithms,
some concerns about their reproducibility arise. As shown in Ta-
ble 1, a limited number of papers are accompanied with source code
and datasets, and then classified as reproducible. Among the repro-
ducible papers, Rahmani et al. [26] already reproduced the work
by Li et al. [20]. Therefore, we preferred extensively studying the
work by Stamenkovic et al. [29]. The rationale behind this choice
is twofold. On the one hand, the authors adopt a novel MORL ap-
proach (instead of a re-ranking strategy). On the other hand, they
focus only on user-centered objectives, opening the way to extend
the experiments to other evaluation dimensions. In this regard,
we do not compare it with the work by Naghiaei et al. [24] who
already performed an extensive evaluation of their work. More-
over, these two papers have different targets, making a comparison
unreasonable.

3 BACKGROUND
In their work, Stamenkovic et al. [29] introduce the Scalarized Multi-
Objective Reinforcement Learning (SMORL) approach in session-
based recommendations. This state-of-the-art algorithm exploits a
single RL agent to solve the next item recommendation problem to
produce suggestions that are simultaneously relevant, diverse, and
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novel. Therefore, the authors solely focus on user-centered metrics,
excluding other stakeholders or dimensions of analysis.
Problem formulation. The next item recommendation problem is
formulated as aMulti-ObjectiveMarkovDecision Process (MOMDP).
Given a set of items I, a user-item interaction sequence is rep-
resented as x1:𝑡 = {𝑥1, 𝑥2, . . . , 𝑥𝑡 }, where 𝑥𝑖 ∈ I and 𝑡 ∈ (0, 𝑡).
The problem consists in recommending the next item, xt+1. The
MOMDP is defined by the tuple (S,A, P,R, 𝜌0, 𝛾 ). S is a continu-
ous state space corresponding to the user state, which is defined
at timestamp 𝑡 as s𝑡 = 𝐺 (x1:𝑡 ) ∈ S(𝑡 > 0), with 𝐺 a sequential
model. A is a discrete action space, where an action 𝑎 of the agent
consists in suggesting a selected item. The utility score for the
state-action pair (s𝑡 , 𝑎𝑡 ) is defined by the multi-objective Q-value
function Q(s𝑡 , 𝑎𝑡 ). P : S × A × S → R is a probability function of
moving from state s𝑡 to the next state s𝑡+1 when the agent takes
action 𝑎𝑡 . R : S × A ↦→ R𝑚 is the reward function that returns a
vector of rewards r(s, 𝑎) by taking action 𝑎 at state s, each corre-
sponding to each objective. 𝜌0 is the initial state. 𝛾 ∈ [0, 1] is the
discount factor. The solution for the MOMDP is to find the target
policy 𝜋𝜃 (𝑎 |s) to maximize the expected cumulative reward:

max
𝜋𝜃
E𝜏∼𝜋𝜃 [𝑓 (R(𝜏))], with R(𝜏) =

|𝜏 |∑︁
𝑡=0

𝛾𝑡 r (s𝑡 , 𝑎𝑡 ) (1)

where 𝜃 ∈ R𝑑 denotes the policy parameters. The expectation is
taken over trajectories 𝜏 = (s0, 𝑎0, s1, 𝑎1 . . .), obtained by perform-
ing actions that follow a target policy: s0 ∼ 𝜌0, 𝑎𝑡 ∼ 𝜋𝜃 (· | s𝑡 ) , s𝑡+1 ∼
P (· | s𝑡 , 𝑎𝑡 ). The scalarization function 𝑓 : R𝑚 ↦→ R is 𝑓w (x) =

w𝑇 x, where w = [𝑤1, . . . ,𝑤𝑚] are the weights to control the im-
portance of the objectives.
The model. We now summarize the algorithm proposed by Sta-
menkovic et al. [29]. The authors cast this task as a self-supervised
multi-class classification problem. They use a generative sequence
model𝐺 (·) to map the user-item interaction sequence into a hidden
state s𝑡 = 𝐺 (x1:𝑡 ). On the self-supervised head side, they define
a fully connected layer to map s𝑡 into classification logits yt+1.
Based on these logits, they train the model exploiting the cross
entropy loss 𝐿𝑠 . On the SMORL head side, it can be seen as a reg-
ularizer to make recommendations more diverse and novel. Here,
the authors stack additional fully connected layers to calculate one-
dimensional Q-values on top of 𝐺 for each objective (i.e., accuracy,
diversity, and novelty). Therefore, they obtain a vector-valued Q-
value function Q(s𝑡 , 𝑎𝑡 ) = [𝑄𝑎𝑐𝑐 (s𝑡 , 𝑎𝑡 ), 𝑄𝑑𝑖𝑣 (s𝑡 , 𝑎𝑡 ), 𝑄𝑛𝑜𝑣 (s𝑡 , 𝑎𝑡 )],
which they learn exploiting the Scalarized Deep Q-learning (SDQL)
algorithm [23]. Therefore, the Q-network is optimized through the
loss function 𝐿𝑆𝐷𝑄𝐿 , which is defined as follows:

𝐿𝑆𝐷𝑄𝐿 =

(
w𝑇 (y𝑆𝐷𝑄𝐿

𝑡 (s𝑡 , 𝑎𝑡 ) − 𝛾Q(s𝑡+1, 𝑎𝑡 ))
)2
, (2)

where y𝑆𝐷𝑄𝐿
𝑡 (s𝑡 , 𝑎𝑡 ) = r𝑡 + 𝛾Q′ (s𝑡+1, argmax𝑎′ [w𝑇Q′ (s𝑡+1, 𝑎′)]),

with Q′ the target network. It is worth mentioning that w =

[𝑤𝑎𝑐𝑐 ,𝑤𝑑𝑖𝑣,𝑤𝑛𝑜𝑣], since accuracy, diversity, and novelty of rec-
ommendations are considered as objectives. In conclusion, the final
loss optimized by Stamenkovic et al. [29] is:

𝐿𝑆𝑀𝑂𝑅𝐿 = 𝐿𝑆 + 𝛼𝐿𝑆𝐷𝑄𝐿, (3)

with 𝛼 a hyperparameter that controls the influence of the SMORL
part.

Rewards Definition. Finally, the authors define the rewards in
the following ways. They set the accuracy reward as done by Xin
et al. [34] when the algorithm matches the next clicked item in the
sequence, i.e., 𝑟𝑎𝑐𝑐 (s𝑡 , 𝑎𝑡 ) = 1, where 𝑎𝑡 is the action of clicking an
item. Then, they define the diversity reward as:

𝑟𝑑𝑖𝑣 = 𝑟𝑑𝑖𝑣 (s𝑡 , 𝑝𝑡 ) = 1 − cos(𝑙𝑡 , 𝑝𝑡 ) = 1 −
e𝑇
𝑙𝑡
e𝑝𝑡

| |e𝑙𝑡 | | | |e𝑝𝑡 | |
, (4)

with 𝑙𝑡 is the last clicked item in the session, 𝑝𝑡 is a top prediction
obtained from self-supervised layer, and e𝑥 is the embedding of
the item 𝑥 obtained from a pre-trained GRU4Rec model. Finally,
they define the novelty reward as 0 if 𝑝𝑡 is in the top 10% of most
popular items, one otherwise.

4 EXPERIMENTS REPLICATION
METHODOLOGY

In this Section, we describe our methodology to reproduce the
work by Stamenkovic et al. [29]. We provide details on the datasets
and the recommendation algorithms used. Furthermore, we discuss
the evaluation protocol adopted, highlighting the challenges when
replicating this work. We aim to answer the following research
questions:
RQ1: Are we able to replicate the results reported in the paper by

Stamenkovic et al. [29]?
RQ2: Given the weights setting of SMORL in Equation (2), does

the nature of the objectives make it difficult to control them
by varying the values of the weights?

4.1 Experimental Settings
In our study, we do not aim to barely verify the reproducibility
of the work by Stamenkovic et al. [29]. On the contrary, we aim
to highlight challenges and critical features when dealing with
multiple objectives in RSs. For this reason, we do not re-implement
the codes and use the ones shared by the authors.

4.1.1 Datasets. We use session-based datasets from the original
work, i.e., RC 151 and Retailrocket2. The sessions contain sequences
of clicked items. The authors share both datasets in their pre-
processed versions. Precisely, the authors discard sessions in RC
15 having a sequence length of less than three and then sample a
subset of 200K sessions. In addition, we report what the authors
write in the original paper about Retailrocket: "We remove the items
which are interacted less than three times (3) and the sequences whose
length is smaller than three (3)". However, by examining the code
released for the pre-processing step, we noticed that the authors
implement this step for the Retailrocket dataset as follows: (i) they
firstly remove the sequences, and (ii) then they remove the items.
This specific order of actions makes sessions of lengths 1 and 2
still exist in the final dataset. Indeed, some sessions whose length
is greater than 2 (i.e., initially maintained) are characterized by
items that are later removed, reducing the sequences. On the one
hand, this aspect does not affect the replication of the experiments
in this paper. On the other hand, we deal with this issue when
extending such experiments, as explained later in Section 5. After

1https://www.kaggle.com/datasets/chadgostopp/recsys-challenge-2015
2https://www.kaggle.com/datasets/retailrocket/ecommerce-dataset
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the pre-processing step, RC 15 has 200,000 sequences, 26,702 items,
and 1,110,965 clicks, and Retailrocket has 195,523 sequences, 70,852
items, and 1,176,680 clicks.

4.1.2 Baselines. We reproduce the baselines implemented in the
original work. Specifically, we perform experiments on the vanilla
baselines and their versions integrated with SMORL. The baselines
are the following:
• GRU4Rec [17]: This model uses a GRU-based Recurrent Neural
Network (RNN) for session-based recommendations. The net-
work’s input is the session’s actual state, while the output is the
item on the next event in the session.

• Caser [30]: This model abandoned RNN structures by leveraging
the convolution filters of Convolutional Neural Network (CNN) to
capture sequential patterns on the embedding matrix of previous
items within a session.

• NextItNet [35]: This model uses a convolutional generative net-
work for session-based top-𝑘 item recommendations. The main
characteristics are the dilated convolutional layer to maintain
a wide receptive field and the residual connections to ease the
network’s training.

• SASRec [18]: This model uses a self-attention mechanism to
capture the sequential patterns of user interactions within a
session and generate embeddings for the items in the session.

We adopt the hyper-parameter settings of the original paper to
ensure a fair reproducibility of the experiments. Moreover, we set
𝛼 = 1 in the loss function of Eq. (3), since 1 is generally the optimal
value according to Stamenkovic et al. [29].

4.1.3 Evaluation protocol. In the original work, the authors state
that they use 5-fold cross-validation to evaluate their algorithm
by splitting the dataset into training, validation, and testing with
a ratio of 8:1:1. We notice that such splitting is performed at the
session level. Therefore, each session is uniquely entered into the
training, validation, or testing set. In order to report the results in
their paper, they average the performance across all folds. However,
the authors share just one fold out of five. Consequently, their
evaluation protocol is not entirely replicable with their original
splitting. For this reason, we utilize the fold they share. Specifically,
we train the models on the training set. Then, we choose the best
iteration of the training process according to the value of nDCG@10
on the validation set. As done in the paper we replicate, we evaluate
the validation set every 5,000 batches of updates on RC 15 and every
10,000 batches of updates on Retailrocket. Finally, we report the
results of the testing set on that iteration. It is worth mentioning
that Stamenkovic et al. [29] do not provide any information in the
paper on the strategy for selecting the best iteration.

Each session in the validation/test set comprises a sequence of 𝑛
items according to a timestamp 𝑡𝑖 , with 𝑖 = 1, . . . , 𝑛. The algorithm
lists recommended items for each 𝑡𝑖 in the session, amounting to 𝑛
recommendations per session. Therefore, each list generated at 𝑡𝑖
is compared with the actual item associated at timestamp 𝑡𝑖 .

4.1.4 Evaluation metrics. In Section 3, we summarized the ap-
proach proposed by Stamenkovic et al. [29]. We have seen that
their approach aims to provide accurate, diverse, and novel recom-
mendations simultaneously. Indeed, they evaluate the model along
these dimensions with the following metrics that we also use in

this work. To measure to what extent the recommendations are
accurate, we use Hit Ratio (HR@𝑘) on clicks [29] and the normal-
ized Discount Cumulative Gain [19] (nDCG@𝑘), with 𝑘 ∈ {10, 20}.
Instead, both diversity and novelty of recommendations are mea-
sured in an aggregated manner through the Item Coverage [5]
(CV@𝑘), with 𝑘 ∈ {1, 5, 10, 20}, of all top-𝑘 recommendations of the
validation/test sequences. Specifically, we consider the coverage
of all the items for diversity and the set of less popular items for
novelty. Moreover, Stamenkovic et al. [29] introduce a novel metric
to evaluate the repetitiveness of recommendations (R@𝑘), with
𝑘 ∈ {5, 10, 20}, that we report in the results.

4.2 Results and Discussion
4.2.1 Replication of the Experiments (RQ1). We start the results
discussion by answering RQ1. To this end, we report the results
obtained when replicating the work by Stamenkovic et al. [29] in Ta-
ble 2 and in Table 3 for RC 15 and Retailrocket datasets, respectively.
In these tables, the results labeled with “Orig.” are retrieved from
the original work, while the ones achieved in our reproducibility
study are labeled with “Repr.”. In particular, for these results, we also
report the best iteration (Epoch and step of validation) according to
nDCG@10, as explained in Section 4.1.3.

For both datasets, in the original paper, the baselines integrated
with SMORL consistently perform better than the vanilla versions
for all metrics. This phenomenon is still observed in our replicated
results but less frequently. More in-depth, SMORL versions outper-
form the vanilla baselines from the accuracy perspective (except
for Caser in RC 15), confirming that SMORL enhances the accuracy
power of the generative models. This trend is not borne out as
frequently as before from the beyond-accuracy metrics. Specifi-
cally, GRU vanilla achieves higher beyond-accuracy values for both
datasets. In addition, NextItNet and SASRec vanillas also follow this
tendency in RC 15 and Retailrocket, respectively. We notice that
our replication experiments reach even higher values of relevance
metrics than in the paper of Stamenkovic et al. [29]. This observa-
tion indicates the success of the training process of our replication
experiments and the goodness of the approach proposed by Sta-
menkovic et al. [29]. We conjecture that the observed differences
on the beyond-accuracy side are due to the criterion of choosing
the best iteration of the models based on nDCG@10, i.e., an accu-
racy metric, following the best practices in the RecSys research
community [8]. In this regard, we reiterate that the authors give no
indication of their criterion for choosing the best model iteration3.
Here are other instances of these models, chosen by Stamenkovic
et al. [29], that perform slightly worse on the accuracy side but con-
sistently better on diversity and novelty, thusmore clearly reflecting
the original trends. However, we do not have enough information
to identify them. This consideration opens a perspective issue in
MORSs. Since we are dealing with multiple objectives, it is not clear
how to choose the best model. Indeed, such objectives are often
characterized by a trade-off among them. The best solution for this
trade-off can be subjective, thus jeopardizing the comparison and
reproducibility of the models. Therefore, as a research community,

3We rule out that they have reported the values at the last iteration. Indeed, for instance,
we observed that GRU-based models achieve significantly worse performance than
those reported when selected by this criterion.
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Table 2: Replicated recommendation performance on RC 15 dataset. The results labeled with “Orig.” are retrieved from the
original work, while the ones labeled with “Repr.” are replicated in this work. Epoch and Step refer to the best iteration on the
validation set on nDCG@10. The best results are highlighted in bold. Arrows indicate whether better stands for low ↓ or high ↑
values.

Model Type Iteration Accuracy↑ Diversity↑ Novelty↑ Repetitivness↓
Epoch Step HR@10 NG@10 HR@20 NG@20 CV@1 CV@5 CV@10 CV@20 CV@1 CV@5 CV@10 CV@20 R@5 R@10 R@20

GRU Orig. 0.3793 0.2279 0.4581 0.2478 0.2481 0.4330 0.5188 0.5942 0.1777 0.3707 0.4654 0.5492 12.11 25.63 53.24
GRU-SMORL Orig. 0.4007 0.2433 0.4793 0.2632 0.2825 0.4758 0.5577 0.6334 0.2086 0.4176 0.5086 0.5927 11.29 23.81 48.88

GRU Repr. 2 10000 0.4089 0.2454 0.4891 0.2658 0.2519 0.4398 0.5234 0.5993 0.1824 0.378 0.4705 0.5548 12.2515 25.9609 53.6975
GRU-SMORL Repr. 11 40000 0.4123 0.2503 0.4916 0.2704 0.2613 0.437 0.5091 0.5761 0.1859 0.3746 0.4546 0.529 12.3178 25.9971 53.7227

Caser Orig. 0.3593 0.2177 0.4371 0.2372 0.2631 0.4349 0.5019 0.5608 0.1912 0.3724 0.4466 0.5120 14.38 29.65 60.73
Caser-SMORL Orig. 0.3664 0.2224 0.4425 0.2417 0.3174 0.5157 0.5944 0.6685 0.2476 0.4621 0.5495 0.6316 13.77 28.56 58.52

Caser Repr. 2 10000 0.3699 0.2235 0.4481 0.2433 0.2226 0.3621 0.4195 0.4672 0.1487 0.2917 0.3551 0.4081 14.5989 30.1426 61.5313
Caser-SMORL Repr. 20 75000 0.3679 0.223 0.4444 0.2424 0.299 0.5047 0.587 0.6619 0.2269 0.4499 0.5411 0.6244 14.4391 29.8228 60.9314

NextItNet Orig. 0.3885 0.2332 0.4684 0.2535 0.2950 0.4914 0.5705 0.6427 0.2313 0.4354 0.5228 0.6030 10.03 22.02 46.84
NextItNet-SMORL Orig. 0.4116 0.2505 0.4898 0.2703 0.3385 0.5639 0.6518 0.7283 0.2720 0.5156 0.6131 0.6981 9.97 21.73 45.49

NextItNet Repr. 2 10000 0.4137 0.2483 0.4937 0.2686 0.296 0.4916 0.5673 0.6382 0.2328 0.4356 0.5192 0.598 10.3075 22.5104 47.816
NextItNet-SMORL Repr. 6 25000 0.4208 0.2563 0.4987 0.2761 0.2763 0.4605 0.524 0.5818 0.208 0.4009 0.4712 0.5354 10.516 22.9839 48.5665

SASRec Orig. 0.4257 0.2599 0.5053 0.2801 0.2971 0.5208 0.6046 0.6792 0.2298 0.4679 0.5607 0.6436 10.62 23.24 49.28
SASRec-SMORL Orig. 0.4315 0.2651 0.5104 0.2851 0.3380 0.5755 0.6508 0.7158 0.2698 0.5285 0.6120 0.6842 10.38 22.79 48.48

SASRec Repr. 6 25000 0.4313 0.2625 0.5109 0.2827 0.304 0.5345 0.6214 0.6949 0.2375 0.4829 0.5793 0.661 10.7326 23.4566 49.7044
SASRec-SMORL Repr. 29 105000 0.4388 0.2691 0.5167 0.2888 0.3257 0.5576 0.6352 0.6994 0.2579 0.5084 0.5947 0.666 10.6158 23.2888 49.5189

Table 3: Replicated recommendation performance on Retailrocket dataset. The results labeled with “Orig.” are retrieved from
the original work, while the ones labeled with “Repr.” are replicated in this work. Epoch and Step refer to the best iteration on
the validation set on nDCG@10. The best results are highlighted in bold. Arrows indicate whether better stands for low ↓ or
high ↑ values.

Model Type Iteration Accuracy↑ Diversity↑ Novelty↑ Repetitivness↓
Epoch Step HR@10 NG@10 HR@20 NG@20 CV@1 CV@5 CV@10 CV@20 CV@1 CV@5 CV@10 CV@20 R@5 R@10 R@20

GRU Orig. 0.2673 0.1878 0.3082 0.1981 0.2439 0.4695 0.5699 0.6632 0.1837 0.4139 0.5238 0.6267 14.25 29.44 60.59
GRU-SMORL Orig. 0.3060 0.2103 0.3535 0.2224 0.2796 0.5369 0.6419 0.7353 0.2154 0.4871 0.6029 0.7064 13.53 28.02 57.89

GRU Repr. 2 10000 0.3154 0.2196 0.3653 0.2323 0.2401 0.4712 0.5728 0.6649 0.1809 0.416 0.5267 0.6285 14.0767 28.9063 59.3497
GRU-SMORL Repr. 7 30000 0.3338 0.2365 0.3853 0.2496 0.2386 0.4643 0.5598 0.643 0.1716 0.4068 0.5119 0.6039 14.6226 30.1449 61.617

Caser Orig. 0.2302 0.1675 0.2628 0.1758 0.2327 0.4379 0.5133 0.5718 0.1643 0.3773 0.4605 0.5252 16.16 33.24 68.39
Caser-SMORL Orig. 0.2657 0.1898 0.3052 0.1998 0.2855 0.5411 0.6324 0.7138 0.2224 0.4917 0.5925 0.6827 15.90 32.47 66.76

Caser Repr. 5 20000 0.2563 0.188 0.2908 0.1967 0.2255 0.4329 0.5079 0.5678 0.1581 0.3718 0.4545 0.5208 16.0098 32.6635 66.8796
Caser-SMORL Repr. 12 50000 0.2824 0.2056 0.323 0.2159 0.2414 0.4876 0.584 0.6658 0.1775 0.4328 0.5388 0.6292 16.5034 33.673 68.6404

NtItNet Orig. 0.3007 0.2060 0.3506 0.2186 0.2867 0.5113 0.6033 0.6837 0.2305 0.4595 0.5605 0.6495 12.25 25.76 54.00
NextItNet-SMORL Orig. 0.3183 0.2222 0.3659 0.2342 0.3429 0.6335 0.7351 0.8129 0.2800 0.5938 0.7062 0.7924 10.92 22.89 47.73

NextItNet Repr. 2 10000 0.3294 0.2276 0.3797 0.2403 0.2824 0.5481 0.6436 0.723 0.2231 0.4999 0.6051 0.693 12.0508 25.4494 53.0647
NextItNet-SMORL Repr. 12 50000 0.3371 0.236 0.3858 0.2483 0.3095 0.5918 0.6889 0.7677 0.246 0.5477 0.6549 0.7423 11.7523 24.627 51.1179

SASRec Orig. 0.3085 0.2107 0.3572 0.2227 0.2767 0.5305 0.6300 0.7149 0.2171 0.4806 0.5899 0.6838 15.67 32.27 66.07
SASRec-SMORL Orig. 0.3521 0.2477 0.4028 0.2605 0.3037 0.5724 0.6672 0.7476 0.2366 0.5261 0.6311 0.7202 12.58 26.69 56.14

SASRec Repr. 2 10000 0.335 0.2311 0.3869 0.2442 0.2413 0.4917 0.5969 0.6881 0.1823 0.4386 0.5537 0.6543 15.3474 31.5314 64.4512
SASRec-SMORL Repr. 7 30000 0.3493 0.2463 0.4034 0.26 0.2368 0.4609 0.5532 0.632 0.1707 0.403 0.5045 0.5918 15.5551 32.0816 65.7265

we should define and declare the criterion used to select a model
when dealing with multiple objectives for a fair comparison of the
algorithms.

To conclude, we answer RQ1 by saying that we can consistently
replicate the trends of SMORL from the accuracy side. As for the be-
yond accuracy metrics, such trends are not as equal as in the original
paper. Therefore, a perspective issue in MORSs is opened about the
selection strategy of the best model when dealing with multiple objec-
tives. We observe to what extent it is crucial to define and explain the
criteria followed to report the results in the MORSs field.

4.2.2 Controlling the objectives (RQ2). We now answer RQ2 by
investigating whether we can control the influence of each ob-
jective in SMORL through the weights mechanism available in
Equation (2). We summarize the results gathered by varying the
weights configurations of SMORL in Table 4 and Table 5 for RC 15

and Retailrocket datasets, respectively. We do not report the re-
sults of the NextItNet-SMORL model since one configuration of
this model took more than ten days to train for only one dataset,
making it impractical to explore six different configurations for
two datasets in a feasible time. By looking at Tables 4 and 5, appar-
ently no single trend occurs. None of the weights configurations
seems to perform better concerning any single analyzed objective
generally. However, some considerations can be made. By reinforc-
ing toward only either diversity or novelty (i.e., w = [0, 1, 0] and
w = [0, 0, 1]), we notice a reduced capability of the model to suggest
relevant items. In addition, we do expect to power diverse or novel
suggestions with these settings separately. Conversely, frequently
these configurations outperform the others in terms of diversity
and novelty, making explicit the difficulty in controlling these two
objectives separately. This behavior is because these objectives are
likely to be positively correlated; namely, the set of diverse items
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Table 4: Recommendation performance on RC 15 dataset obtained by varying the weights configurations of SMORL. The best
results are highlighted in bold, the second best results are underlined.

Iteration Weights Accuracy↑ Diversity↑ Novelty↑ Repetitivness↓
Epoch Step 𝑤𝑎𝑐𝑐 𝑤𝑑𝑖𝑣 𝑤𝑛𝑜𝑣 HR@10 NG@10 HR@20 NG@20 CV@1 CV@5 CV@10 CV@20 CV@1 CV@5 CV@10 CV@20 R@5 R@10 R@20

GRU-SMORL

11 40000 1 1 1 0.4123 0.2503 0.4916 0.2704 0.2613 0.437 0.5091 0.5761 0.1859 0.3746 0.4546 0.529 12.3178 25.9971 53.7227
6 25000 0 1 0 0.4096 0.2478 0.4889 0.2679 0.2477 0.4248 0.4985 0.5658 0.1744 0.3612 0.4428 0.5176 12.3357 26.0906 53.9247
6 25000 0 0 1 0.4086 0.2468 0.4886 0.2671 0.2425 0.4168 0.4893 0.5592 0.169 0.3523 0.4325 0.5103 12.6314 26.638 54.9408
8 30000 0 1 1 0.4119 0.2504 0.4921 0.2708 0.252 0.4248 0.4945 0.5586 0.1766 0.361 0.4384 0.5096 12.4518 26.3624 54.4028
6 25000 1 1 0 0.4112 0.2496 0.4928 0.2703 0.2387 0.4052 0.478 0.5402 0.1638 0.3393 0.42 0.4892 12.5256 26.5378 54.8614
6 25000 1 0 1 0.4134 0.2503 0.493 0.2705 0.2376 0.4018 0.4694 0.5331 0.1629 0.3356 0.4105 0.4812 12.5936 26.634 54.9122

Caser-SMORL

20 75000 1 1 1 0.3679 0.223 0.4444 0.2424 0.299 0.5047 0.587 0.6619 0.2269 0.4499 0.5411 0.6244 14.4391 29.8228 60.9314
11 40000 0 1 0 0.3668 0.2217 0.4475 0.2422 0.2766 0.4659 0.5392 0.6033 0.2057 0.4068 0.488 0.5593 14.7028 30.2958 61.8642
24 90000 0 0 1 0.3683 0.2227 0.445 0.2422 0.3188 0.5206 0.5986 0.6723 0.2493 0.4674 0.5541 0.636 14.1055 29.1983 59.78
8 30000 0 1 1 0.3693 0.2233 0.4492 0.2436 0.2399 0.4063 0.4721 0.5289 0.1642 0.3407 0.4135 0.4766 14.8185 30.5242 62.3802
30 110000 1 1 0 0.3718 0.2253 0.4487 0.2448 0.3284 0.5328 0.6156 0.6945 0.2591 0.481 0.5729 0.6606 13.7896 28.6924 58.8673
35 130000 1 0 1 0.368 0.2234 0.4443 0.2428 0.3226 0.5243 0.6062 0.6883 0.2524 0.4715 0.5624 0.6537 13.8622 28.776 58.9865

SASRec-SMORL

29 105000 1 1 1 0.4388 0.2691 0.5167 0.2888 0.3257 0.5576 0.6352 0.6994 0.2579 0.5084 0.5947 0.666 10.6158 23.2888 49.5189
35 130000 0 1 0 0.4332 0.265 0.5124 0.2851 0.3332 0.5691 0.6493 0.7144 0.2665 0.5213 0.6103 0.6827 10.6494 23.3472 49.6007
31 115000 0 0 1 0.4332 0.2653 0.5113 0.2851 0.3347 0.5726 0.6512 0.7179 0.2679 0.5253 0.6124 0.6866 10.4927 23.0172 48.7668
31 115000 0 1 1 0.4346 0.2677 0.5134 0.2877 0.3262 0.5556 0.6318 0.6935 0.2579 0.5063 0.5909 0.6594 10.4846 23.0519 49.0306
45 165000 1 1 0 0.4353 0.2675 0.5127 0.2871 0.3353 0.5669 0.6457 0.7074 0.2683 0.5188 0.6064 0.6749 10.5834 23.213 49.1603
31 115000 1 0 1 0.4359 0.2675 0.5139 0.2873 0.3291 0.5598 0.6377 0.7 0.2621 0.5109 0.5975 0.6667 10.4753 23.0578 49.0174

Table 5: Recommendation performance on Retailrocket dataset obtained by varying the weights configurations of SMORL. The
best results are highlighted in bold, and the second-best results are underlined.

Iteration Weights Accuracy↑ Diversity↑ Novelty↑ Repetitivness↓
Epoch Step 𝑤𝑎𝑐𝑐 𝑤𝑑𝑖𝑣 𝑤𝑛𝑜𝑣 HR@10 NG@10 HR@20 NG@20 CV@1 CV@5 CV@10 CV@20 CV@1 CV@5 CV@10 CV@20 R@5 R@10 R@20

GRU-SMORL

7 30000 1 1 1 0.3338 0.2365 0.3853 0.2496 0.2386 0.4643 0.5598 0.643 0.1716 0.4068 0.5119 0.6039 14.6226 30.1449 61.617
5 20000 0 1 0 0.3289 0.2325 0.3781 0.2449 0.2396 0.4562 0.5438 0.622 0.1756 0.3985 0.4942 0.5807 14.2112 29.401 60.2192
5 20000 0 0 1 0.3296 0.2315 0.3792 0.2441 0.2346 0.4471 0.5348 0.6132 0.1707 0.3884 0.4846 0.571 14.4944 29.8744 61.3454
5 20000 0 1 1 0.3335 0.2359 0.3824 0.2483 0.2302 0.4338 0.5156 0.5875 0.1638 0.3732 0.463 0.5424 14.4541 29.8884 61.1587
7 30000 1 1 0 0.332 0.2332 0.3822 0.2459 0.2479 0.4814 0.5798 0.6666 0.1817 0.4257 0.5342 0.6302 14.2563 29.4297 60.3808
5 20000 1 0 1 0.3319 0.2349 0.3798 0.247 0.2281 0.4232 0.5028 0.5749 0.1622 0.3618 0.4488 0.5284 14.6393 30.1216 61.8217

Caser-SMORL

12 50000 1 1 1 0.2824 0.2056 0.323 0.2159 0.2414 0.4876 0.584 0.6658 0.1775 0.4328 0.5388 0.6292 16.5034 33.673 68.6404
12 50000 0 1 0 0.2827 0.2052 0.3229 0.2154 0.2433 0.4883 0.5836 0.6694 0.1784 0.4334 0.5384 0.6335 16.3698 33.4589 68.3446
10 40000 0 0 1 0.2561 0.1875 0.2918 0.1965 0.2189 0.4205 0.493 0.5493 0.1509 0.3582 0.4379 0.5002 16.1661 33.0279 67.384
18 70000 0 1 1 0.2862 0.2076 0.3263 0.2178 0.2498 0.4941 0.5928 0.681 0.1839 0.44 0.5488 0.6463 16.2249 33.175 67.8257
10 40000 1 1 0 0.2855 0.2074 0.3267 0.2178 0.2386 0.4691 0.561 0.6417 0.1731 0.4123 0.5133 0.6026 16.3606 33.3982 68.1704
12 50000 1 0 1 0.259 0.1908 0.2948 0.1998 0.2294 0.4387 0.5134 0.5745 0.1607 0.3782 0.4605 0.5281 16.0087 32.6664 66.9529

SASRec-SMORL

7 30000 1 1 1 0.3493 0.2463 0.4034 0.26 0.2368 0.4609 0.5532 0.632 0.1707 0.403 0.5045 0.5918 15.5551 32.0816 65.7265
7 30000 0 1 0 0.344 0.238 0.3976 0.2516 0.2477 0.4967 0.5969 0.6835 0.1848 0.4431 0.5534 0.6491 15.4283 31.7588 65.0142
7 30000 0 0 1 0.3431 0.2388 0.3965 0.2523 0.2471 0.4958 0.5974 0.6862 0.1841 0.442 0.5538 0.6521 15.4162 31.761 65.1188
7 30000 0 1 1 0.3488 0.2442 0.4028 0.2579 0.2467 0.4879 0.5829 0.6655 0.182 0.4333 0.5378 0.6291 15.4677 31.8648 65.3941
7 30000 1 1 0 0.3482 0.2425 0.4013 0.256 0.2427 0.4808 0.5768 0.6613 0.1781 0.4253 0.531 0.6244 15.4782 31.8257 65.2962
7 30000 1 0 1 0.347 0.2436 0.4017 0.2575 0.2435 0.4794 0.5748 0.6588 0.1787 0.4237 0.5287 0.6217 15.4631 31.907 65.3999

contains many novel items, and vice versa. Therefore, a general
question arises on to what extent it is convenient to consider mul-
tiple positively correlated objectives in the same MORS. The risk
is that we can train RSs to accomplish several objectives without
having control over them. By adding the control on the accuracy
side (i.e., w = [1, 1, 1], w = [1, 1, 0], and w = [1, 0, 1]), we notice
a general improvement on the relevance of the item, as further
confirmation of SMORL’s ability to control the accuracy objective.
Concerning the repetitiveness of recommendations, we do not note
any particular phenomenon.

We answer RQ2 by saying that, with SMORL, we can control the
reinforcing of the accuracy objectives while having more difficulties

when controlling diversity and novelty individually due to their pos-
itive correlation. This opens a quest in MORSs. Is it appropriate to
consider correlated objectives in the same system, or is it counterpro-
ductive to their control?

5 BIAS EXPERIMENTS
In the previous Section, we have replicated thework by Stamenkovic
et al. [29]. In contrast, we extend our investigation on their MORL-
based recommendation algorithm here. This investigation shares
the same experimental setup used to train and produce the recom-
mendations with the vanilla baselines and their versions integrated
with SMORL in Section 4. Indeed, we provide a broader view of
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the experiments considering other evaluation dimensions. Given
that the SMORL approach simultaneously focuses on user-centered
objectives of recommendations (i.e., diversity and novelty), we ana-
lyze how enhancing user-oriented goals with such an approach can
affect algorithmic bias in recommendations. Mainly, we assess the
algorithmic bias from the popularity and the categories of the items.
Therefore, we drive the analysis in order to answer the following
research questions:
RQ3: Is SMORL responsible for bias disparity for certain categories

of items in the recommendations output given the source
bias?

RQ4: Does SMORL affect the equality and equity of items’ expo-
sure concerning their popularity?

5.1 Algorithmic Bias investigation settings
In this Section, we present how we broaden the experimental eval-
uation of the multi-objective recommendation algorithm proposed
by Stamenkovic et al. [29] that we have reproduced. To our knowl-
edge, most algorithmic bias metrics available in the literature are
not time-aware. For this reason, such metrics do not fit with the
task of sequential-based recommendations. In addition, amid the
proliferation of scholarly works on session-based recommendation
in recent times, regrettably, there are no universally recognized
benchmark datasets or evaluation standards that have gained con-
sensus within the research community. To have a reliable setting,
we must cast the sequential-based recommendations to a classic
task. In this regard, in Section 4.1.3, we have observed that the base-
lines considered in this work generate 𝑛 lists of suggested items for
each session associated by timestamp, 𝑡𝑖 . We treat sessions as users
interacting with an ordered list of 𝑛 items. We consider the last
item of these lists as belonging to the test set, while the remaining
items are in the training set. For this reason, we consider only the
last recommendation lists generated by the baselines, i.e., the ones
generated at 𝑡𝑛 , for the evaluation in terms of algorithmic bias. In-
deed, the baselines provide these last recommendation lists having
in memory the entire previous sequences of items the users have
interacted with. In addition, we previously discarded the sessions
of length 1 in the test set of the Retailrocket dataset resulting from
the pre-processing step described in Section 4.1.1. This operation
is necessary to compute the algorithmic bias metrics presented
later on, but it should not impact the evaluation since the discarded
sessions are only 514.

5.1.1 Evaluation metrics. This Section describes the metrics ex-
ploited to show the performance on the algorithmic bias of the
work by Stamenkovic et al. [29]. Specifically, we consider the fol-
lowing metrics:
• BiasDisparity (BD) [31]. This metric measures the phenomenon
where input and recommendation bias differ. In such cases, the
recommendation algorithms lead to a situation in which existing
biases in the data source are amplified in the output of recom-
mendations. To formally define the bias disparity, we consider
a set of𝑚 users U, a set of 𝑘 items I, and the implicit feedback
matrix 𝑆 , where 𝑆 (𝑢, 𝑖) = 1 if user 𝑢 has selected item 𝑖 , and zero
otherwise. We assume that the users are partitioned into a set 𝐺
of groups, while the items are divided into a set 𝐶 of categories.
We define the input preference ratio 𝑃𝑅𝑆 (𝑔, 𝑐) of a group 𝑔 ∈ 𝐺

for category 𝑐 ∈ 𝐶 as the fraction of interactions between users
from group 𝑔 with items belonging to category 𝑐:

𝑃𝑅𝑆 (𝑔, 𝑐) =
∑
𝑢∈𝑔

∑
𝑖∈𝑐 𝑆 (𝑢, 𝑖)∑

𝑢∈𝑔
∑
𝑖∈𝐼 𝑆 (𝑢, 𝑖)

. (5)

We define the source bias 𝐵𝑆 (𝑔, 𝑐) of group 𝑔 for category 𝑐 as:

𝐵𝑆 (𝑔, 𝑐) =
𝑃𝑅𝑆 (𝑔, 𝑐)
𝑃 (𝑐) , (6)

where 𝑃 (𝑐) = |𝑐 |/𝑚 is the probability of selecting an item from
category 𝑐 uniformly at random. Values of 𝐵𝑆 (𝑔, 𝑐) less than 1
denote negative bias, i.e., the group 𝑔 on average tends to select
less often from category 𝑐 . Values of𝐵𝑆 (𝑔, 𝑐) greater than 1 denote
positive bias, i.e., the group𝑔 prefers category 𝑐 disproportionately
to its size.
By assuming the recommendation algorithm’s outputs for each
user 𝑢 as a ranked list of 𝑟 items, we define the binary matrix 𝑅,
where 𝑅(𝑢, 𝑖) = 1 if item 𝑖 is recommended for user 𝑢, and zero
otherwise. Given the matrix 𝑅, we compute the output preference
ratio of the recommendations, 𝑃𝑅𝑅 (𝑔, 𝑐), of group 𝑔 for category
𝑐 with Equation 5, and the recommendation bias 𝐵𝑅 (𝑔, 𝑐) of group
𝑔 for category 𝑐 with Equation 6.
Finally, we compute the bias disparity of a group 𝑔 for a category
𝑐 between the source data 𝑆 and the output recommendations 𝑅,
that is, the relative change of the bias value, as:

𝐵𝐷 (𝑔, 𝑐) = 𝐵𝑅 (𝑔, 𝑐) − 𝐵𝑆 (𝑔, 𝑐)
𝐵𝑆 (𝑔, 𝑐)

.

The closer the BD values are to 0, the more the output recom-
mendation bias does not deviate from the source bias.

• Ranking-based Statistical Parity (RSP) [38]. This metric is
based on statistical parity, which can be defined as forcing the
ranking probability distributions of different item categories 𝑐𝑖 ,
with 𝑖 ∈ {1, . . . , 𝑛}, to be the same in a ranking task. Therefore,
RSP formally encourages 𝑃 (𝑅@𝑘 | 𝑐1) = 𝑃 (𝑅@𝑘 | 𝑐2) = . . . =

𝑃 (𝑅@𝑘 | 𝑐𝑛), where 𝑅@𝑘 represents "the item being ranked in
top-𝑘", and 𝑃 (𝑅@𝑘 | 𝑐𝑖 ) is the probability of items belonging
to the category 𝑐𝑖 being ranked in top-𝑘 . In the end, 𝑅𝑆𝑃@𝑘 is
computed as:

𝑅𝑆𝑃@𝑘 =
𝑠𝑡𝑑 (𝑃 (𝑅@𝑘 | 𝑐1) , . . . , 𝑃 (𝑅@𝑘 | 𝑐𝑛))
𝑚𝑒𝑎𝑛 (𝑃 (𝑅@𝑘 | 𝑐1) , . . . , 𝑃 (𝑅@𝑘 | 𝑐𝑛))

,

where 𝑠𝑡𝑑 (·) and𝑚𝑒𝑎𝑛(·) are the standard deviation and mean
operator, respectively. Lower values of RSP indicate that the
recommendation is less biased.

• Ranking-based Equal Opportunity (REO) [38]. Conversely to
RSP, this metric is based on equal opportunity. In a ranking task,
this concept is defined as the need for the ranking-based true
positive rate (TPR) to be the same for different item categories 𝑐𝑖 ,
with 𝑖 ∈ {1, . . . , 𝑛}. In this case, TPR is defined as the probability
of an item belonging to a category to be ranked in the top-𝑘
given the ground truth that the user likes, i.e., 𝑃 (𝑅@𝐾 |𝑐𝑖 , 𝑦 = 1),
where 𝑦 = 1 represents users like items. In the end, 𝑅𝐸𝑂@𝑘 is
computed as:

𝑅𝐸𝑂@𝑘 =
𝑠𝑡𝑑 (𝑃 (𝑅@𝑘 | 𝑐1, 𝑦 = 1) , . . . , 𝑃 (𝑅@𝑘 | 𝑐𝑛, 𝑦 = 1))
𝑚𝑒𝑎𝑛 (𝑃 (𝑅@𝑘 | 𝑐1, 𝑦 = 1) , . . . , 𝑃 (𝑅@𝑘 | 𝑐𝑛, 𝑦 = 1)) ,
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where 𝑠𝑡𝑑 (·) and𝑚𝑒𝑎𝑛(·) are the standard deviation and mean
operator, respectively. Lower values of REO indicate that the
recommendation is less biased.

To provide a complete reproducibility environment for these met-
rics, we use the Elliot recommendation framework [6].

5.1.2 Item categories. In the previous Section, we have presented
the metrics we use to evaluate the algorithmic bias which affects the
approach proposed by Stamenkovic et al. [29]. In all these metrics,
the items are associated with a category. Here, we describe how
and in which categories we assign each item.

We compute BD by considering a unique group of sessions cor-
responding to the entire dataset, i.e., |𝐺 | = 1, while we assess the
item’s category by exploiting additional information provided with
the datasets. As for the RC 15 dataset, it provides the context of
the item click, which can be a special offer, brand, or category
identifier. Specifically, we take into account this last identifier for
the assignment of the items to a category. In addition, since the
context of a click varies in time, an item could be associated with
more categories. However, we desire to have a unique category
for each item. To this end, we set the most recent category for
each item, being able to divide 19,288 items into |𝐶 | = 12 cate-
gories uniquely having the following sizes: |𝑐1 | = 5749, |𝑐2 | = 4776,
|𝑐3 | = 1252, |𝑐4 | = 1388, |𝑐5 | = 1032, |𝑐6 | = 1174, |𝑐7 | = 881,
|𝑐8 | = 644, |𝑐9 | = 674, |𝑐10 | = 360, |𝑐11 | = 1267, |𝑐12 | = 91. The
Retailrocket dataset yields some properties for each item. Among
them, a category identifier is available. In addition, the category
identifiers are associated with a parent identifier according to a tree
of categories. For this reason, we consider these parent identifiers
as the categories of the item. Similarly to what was done for the
RC 15 dataset, we uniquely assign the most recent category to each
item. However, more than 250 categories were recognized in this
way, making reporting and analyzing the results unattainable. To
solve this issue, we split these categories into quartiles based on
the number of interactions they were involved in. Hence, we can
divide 65,663 items into |𝐶 | = 4 categories containing the following
number of items: |𝑐1 | = 868, |𝑐2 | = 4875, |𝑐3 | = 13444, |𝑐4 | = 46476.

We calculate RSP and REO by dividing the items according to
their popularity. In particular, we identify a category that comprises
the 20% most popular items and a category including the remaining
items. We will refer to RSP and REO when dealing with these
categories as PopRSP and PopREO, respectively.

5.2 Results and Discussion
5.2.1 Bias Disparity (RQ3). We start our investigation of the al-
gorithmic bias in SMORL by answering RQ3. Given the existing
bias in the datasets regarding the item categories, we aim to assess
whether SMORL amplifies this in the output of the recommenda-
tions. Consequently, since it is not a de-biasing algorithm, we desire
BD values close to 0, which means that the algorithm does not devi-
ate from the source bias when providing the recommendations. In
Table 6 and Table 7, we show the results regarding the bias disparity.
We follow the representation of Tsintzou et al. [31], in which we
report the input/output bias and in parentheses the bias disparity
(i.e., BS/BR (BD)).

Starting from the RC 15 dataset (Table 6), we detect that the items
in the category 𝑐3 are characterized by a strong positive source bias

(values much greater than one), indicating that the items from this
category are enjoyed in the sessions disproportionately to the cat-
egory size. Indeed, we observe that 𝑐3 is not the most populated
category (1252 items). Therefore, it contains trendy items. Paying
attention to this category, we notice that SMORL-integrated models
have absolute values of bias disparity greater than their respective
vanilla versions. We explain this phenomenon by affirming that
SMORL promotes diverse and novel items, thus reducing the num-
ber of recommended mainstream items (which populate 𝑐3). Indeed,
the sign of the bias disparity values is negative. Consequently, al-
though SMORL is useful in diversifying recommendations, it is
responsible for a higher bias disparity in output. This observation
highlights the need for MORSs to focus on several lines of analysis
and not only on the objectives that the system is optimizing. Indeed,
we are not claiming that such bias introduces negative effects in
the recommendation, but we should be aware of what is happening
in other aspects. Other concerns occur for the items in category 𝑐10
that exhibit a strong negative bias in the source, i.e., they are barely
relished in the sessions (the same following considerations hold for
categories 𝑐11 and 𝑐12). In addition, we observe that category 𝑐10 is
populated by only 360 items. We notice that SMORL-based mod-
els convey greater values of bias disparity for this category than
vanilla baselines, further reducing the exposure of these items. We
conjecture that this is because, in SMORL, the agent is rewarded
if it recommends relevant items. Therefore, it promotes diverse
and novel items, but still relevant (i.e., items belonging to the mid-
tail [2]), at the expense of highly niche items that are relevant to
very few sessions. Consequently, by rewarding the agent for item
relevance (we remind that the generative models are trained to
provide relevant recommendations), we risk affecting the exposure
of highly niche items, resulting unfair from the provider fairness
point of view [1, 9, 12]. Finally, we do not remark on phenomenons
for the remaining categories. Indeed, they are less biased at the
source (values close to 1), and all the baselines maintain a roughly
equal level of bias in the output.

A similar discussion emerges for the Retailrocket dataset (Ta-
ble 7). On the one hand, both vanillas and SMORL-integratedmodels
do not notably increase the bias in the output for the categories
less biased in the source (𝑐3 and 𝑐4). On the other hand, SMORL
still increases the bias of those categories negatively biased at the
source (generally more than vanilla baselines), as in the case of 𝑐1
and 𝑐2.

To end, we answer RQ3 by claiming that SMORL is responsible for
injecting a bias disparity in the recommendations output for those
items laying on positively/negatively biased categories in the source.
Relevant items-based rewards can potentially reduce the exposure
of highly niche items, leading to a provider-side unfair situation.
Conversely, reinforcing diversity and novelty objectives decreases the
bias of categories containing mainly interacted items.

5.2.2 Popularity-based Equality and Equity of Items Exposure (RQ4).
Finally, we answer RQ4 by analyzing the algorithmic bias affecting
the items’ exposure, dividing the items into popular and unpopular
categories. We look at this from two perspectives. With PopRSP,
we assess the equality of the ranking probability of these items. At
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Table 6: Results on Source Bias/Recommendation Bias (Bias Disparity) for different categories of items on RC 15 dataset. Values
of Bias Disparity closer to 0 are in bold, assessed for different cutoff@𝑘 , with 𝑘 ∈ {5, 10, 20}.

Model 𝑐1 𝑐2 𝑐3 𝑐4 𝑐5 𝑐6 𝑐7 𝑐8 𝑐9 𝑐10 𝑐11 𝑐12

Cutoff@5

GRU 0.82/0.79
(-0.03)

0.83/0.86
(0.03)

4.66/4.51
(-0.03)

0.82/0.84
(0.02)

1.07/1.26
(0.18)

0.66/0.71
(0.07)

1.25/1.21
(-0.03)

0.23/0.2
(-0.13)

0.43/0.43
(-0.01)

0.27/0.25
(-0.07)

0.09/0.06
(-0.3)

0.31/0.28
(-0.1)

GRU-SMORL 0.82/0.8
(-0.02)

0.83/0.88
(0.05)

4.66/4.52
(-0.03)

0.82/0.86
(0.05)

1.07/1.21
(0.13)

0.66/0.66
(0.0)

1.25/1.2
(-0.04)

0.23/0.17
(-0.23)

0.43/0.43
(-0.02)

0.27/0.19
(-0.27)

0.09/0.05
(-0.4)

0.31/0.26
(-0.18)

Caser 0.82/0.81
(-0.01)

0.83/0.86
(0.03)

4.66/4.67
(0.0)

0.82/0.83
(0.01)

1.07/1.17
(0.09)

0.66/0.64
(-0.04)

1.25/1.25
(0.0)

0.23/0.15
(-0.32)

0.43/0.38
(-0.12)

0.27/0.18
(-0.31)

0.09/0.04
(-0.53)

0.31/0.24
(-0.21)

Caser-SMORL 0.82/0.8
(-0.02)

0.83/0.87
(0.05)

4.66/4.6
(-0.01)

0.82/0.84
(0.02)

1.07/1.18
(0.1)

0.66/0.65
(-0.02)

1.25/1.26
(0.01)

0.23/0.14
(-0.36)

0.43/0.41
(-0.06)

0.27/0.19
(-0.28)

0.09/0.05
(-0.44)

0.31/0.19
(-0.39)

NextItNet 0.82/0.8
(-0.02)

0.83/0.86
(0.03)

4.66/4.61
(-0.01)

0.82/0.84
(0.02)

1.07/1.2
(0.12)

0.66/0.68
(0.03)

1.25/1.17
(-0.06)

0.23/0.18
(-0.19)

0.43/0.39
(-0.11)

0.27/0.24
(-0.09)

0.09/0.08
(-0.1)

0.31/0.27
(-0.12)

NextItNet-SMORL 0.82/0.82
(0.0)

0.83/0.88
(0.06)

4.66/4.42
(-0.05)

0.82/0.86
(0.05)

1.07/1.21
(0.13)

0.66/0.66
(0.0)

1.25/1.25
(0.0)

0.23/0.19
(-0.17)

0.43/0.38
(-0.12)

0.27/0.21
(-0.21)

0.09/0.04
(-0.55)

0.31/0.2
(-0.37)

SASRec 0.82/0.81
(-0.01)

0.83/0.86
(0.04)

4.66/4.49
(-0.04)

0.82/0.83
(0.01)

1.07/1.22
(0.14)

0.66/0.68
(0.03)

1.25/1.27
(0.02)

0.23/0.19
(-0.15)

0.43/0.38
(-0.13)

0.27/0.25
(-0.05)

0.09/0.06
(-0.3)

0.31/0.25
(-0.18)

SASRec-SMORL 0.82/0.83
(0.02)

0.83/0.88
(0.06)

4.66/4.39
(-0.06)

0.82/0.84
(0.02)

1.07/1.13
(0.05)

0.66/0.66
(0.0)

1.25/1.26
(0.01)

0.23/0.19
(-0.18)

0.43/0.42
(-0.03)

0.27/0.19
(-0.28)

0.09/0.07
(-0.17)

0.31/0.29
(-0.07)

Cutoff@10

GRU 0.82/0.79
(-0.03)

0.83/0.86
(0.04)

4.66/4.5
(-0.03)

0.82/0.85
(0.03)

1.07/1.27
(0.18)

0.66/0.7
(0.06)

1.25/1.22
(-0.02)

0.23/0.19
(-0.16)

0.43/0.44
(0.0)

0.27/0.24
(-0.1)

0.09/0.06
(-0.31)

0.31/0.27
(-0.13)

GRU-SMORL 0.82/0.8
(-0.02)

0.83/0.87
(0.05)

4.66/4.53
(-0.03)

0.82/0.87
(0.06)

1.07/1.22
(0.14)

0.66/0.66
(0.0)

1.25/1.21
(-0.03)

0.23/0.17
(-0.26)

0.43/0.43
(0.0)

0.27/0.19
(-0.27)

0.09/0.05
(-0.41)

0.31/0.27
(-0.12)

Caser 0.82/0.8
(-0.01)

0.83/0.86
(0.03)

4.66/4.66
(0.0)

0.82/0.83
(0.01)

1.07/1.18
(0.1)

0.66/0.63
(-0.05)

1.25/1.27
(0.02)

0.23/0.14
(-0.37)

0.43/0.38
(-0.12)

0.27/0.2
(-0.26)

0.09/0.04
(-0.51)

0.31/0.25
(-0.18)

Caser-SMORL 0.82/0.79
(-0.03)

0.83/0.88
(0.05)

4.66/4.6
(-0.01)

0.82/0.85
(0.03)

1.07/1.18
(0.1)

0.66/0.64
(-0.03)

1.25/1.27
(0.02)

0.23/0.14
(-0.37)

0.43/0.41
(-0.06)

0.27/0.19
(-0.29)

0.09/0.05
(-0.45)

0.31/0.19
(-0.37)

NextItNet 0.82/0.8
(-0.02)

0.83/0.86
(0.03)

4.66/4.62
(-0.01)

0.82/0.84
(0.02)

1.07/1.19
(0.11)

0.66/0.69
(0.04)

1.25/1.17
(-0.06)

0.23/0.18
(-0.19)

0.43/0.39
(-0.11)

0.27/0.24
(-0.08)

0.09/0.08
(-0.12)

0.31/0.26
(-0.16)

NextItNet-SMORL 0.82/0.82
(0.0)

0.83/0.88
(0.05)

4.66/4.44
(-0.05)

0.82/0.85
(0.04)

1.07/1.21
(0.13)

0.66/0.67
(0.01)

1.25/1.25
(0.0)

0.23/0.18
(-0.19)

0.43/0.39
(-0.1)

0.27/0.21
(-0.22)

0.09/0.04
(-0.56)

0.31/0.19
(-0.39)

SASRec 0.82/0.81
(-0.01)

0.83/0.86
(0.04)

4.66/4.48
(-0.04)

0.82/0.83
(0.02)

1.07/1.21
(0.13)

0.66/0.68
(0.03)

1.25/1.27
(0.02)

0.23/0.2
(-0.12)

0.43/0.38
(-0.13)

0.27/0.25
(-0.06)

0.09/0.06
(-0.3)

0.31/0.25
(-0.2)

SASRec-SMORL 0.82/0.83
(0.02)

0.83/0.88
(0.06)

4.66/4.39
(-0.06)

0.82/0.84
(0.03)

1.07/1.13
(0.06)

0.66/0.67
(0.01)

1.25/1.26
(0.01)

0.23/0.18
(-0.2)

0.43/0.43
(-0.01)

0.27/0.2
(-0.24)

0.09/0.07
(-0.2)

0.31/0.29
(-0.05)

Cutoff@20

GRU 0.82/0.8
(-0.02)

0.83/0.87
(0.05)

4.66/4.45
(-0.05)

0.82/0.85
(0.03)

1.07/1.26
(0.18)

0.66/0.7
(0.06)

1.25/1.21
(-0.03)

0.23/0.2
(-0.1)

0.43/0.43
(0.0)

0.27/0.25
(-0.06)

0.09/0.06
(-0.31)

0.31/0.25
(-0.18)

GRU-SMORL 0.82/0.8
(-0.02)

0.83/0.88
(0.06)

4.66/4.48
(-0.04)

0.82/0.86
(0.05)

1.07/1.23
(0.15)

0.66/0.67
(0.01)

1.25/1.19
(-0.05)

0.23/0.17
(-0.24)

0.43/0.43
(-0.01)

0.27/0.2
(-0.23)

0.09/0.05
(-0.44)

0.31/0.26
(-0.17)

Caser 0.82/0.81
(-0.01)

0.83/0.87
(0.05)

4.66/4.6
(-0.01)

0.82/0.83
(0.02)

1.07/1.18
(0.1)

0.66/0.64
(-0.03)

1.25/1.25
(0.0)

0.23/0.15
(-0.32)

0.43/0.37
(-0.14)

0.27/0.21
(-0.23)

0.09/0.04
(-0.54)

0.31/0.23
(-0.26)

Caser-SMORL 0.82/0.8
(-0.02)

0.83/0.89
(0.07)

4.66/4.53
(-0.03)

0.82/0.84
(0.03)

1.07/1.18
(0.1)

0.66/0.65
(-0.02)

1.25/1.26
(0.01)

0.23/0.15
(-0.34)

0.43/0.4
(-0.07)

0.27/0.19
(-0.28)

0.09/0.05
(-0.47)

0.31/0.19
(-0.39)

NextItNet 0.82/0.8
(-0.01)

0.83/0.87
(0.04)

4.66/4.56
(-0.02)

0.82/0.84
(0.02)

1.07/1.19
(0.11)

0.66/0.69
(0.04)

1.25/1.16
(-0.07)

0.23/0.19
(-0.16)

0.43/0.39
(-0.09)

0.27/0.27
(0.0)

0.09/0.07
(-0.16)

0.31/0.25
(-0.21)

NextItNet-SMORL 0.82/0.82
(0.0)

0.83/0.89
(0.06)

4.66/4.41
(-0.05)

0.82/0.85
(0.03)

1.07/1.22
(0.13)

0.66/0.68
(0.02)

1.25/1.22
(-0.02)

0.23/0.19
(-0.14)

0.43/0.4
(-0.08)

0.27/0.22
(-0.18)

0.09/0.04
(-0.56)

0.31/0.18
(-0.41)

SASRec 0.82/0.81
(0.0)

0.83/0.87
(0.05)

4.66/4.44
(-0.05)

0.82/0.84
(0.02)

1.07/1.21
(0.13)

0.66/0.7
(0.05)

1.25/1.24
(0.0)

0.23/0.2
(-0.1)

0.43/0.38
(-0.12)

0.27/0.26
(-0.01)

0.09/0.06
(-0.31)

0.31/0.24
(-0.23)

SASRec-SMORL 0.82/0.83
(0.02)

0.83/0.89
(0.07)

4.66/4.35
(-0.07)

0.82/0.84
(0.03)

1.07/1.13
(0.06)

0.66/0.68
(0.02)

1.25/1.24
(-0.01)

0.23/0.19
(-0.15)

0.43/0.43
(0.0)

0.27/0.22
(-0.18)

0.09/0.07
(-0.23)

0.31/0.28
(-0.1)

the same time, with PopREO, we evaluate the equity of the rank-
ing probability of these items given the items enjoyed in the ses-
sions [16, 36]. Figure 1 shows the results for both datasets. From the
equality side, all models seem strongly biased, having high values
of PopRSP for both datasets. GRU and NextItNet vanillas produce
more biased recommendations when integrated with SMORL. In
contrast, blending SMORL in Caser makes the suggestions less bi-
ased, while SASRec does not show a specific trend. Therefore, the
success of SMORL in terms of equality of the ranking probability
of popular and unpopular items is related to the generative model
of recommendations. From the equity side, SMORL models gener-
ally have higher values of PopREO, except for NextItNet and Caser

with Retailrocket, which means that they produce more biased
recommendations than vanilla baselines.

In conclusion, we answer RQ4 by stating that we do not observe
particular trends on the positive or negative effect of SMORL on the
equality of the popular and unpopular item’s exposure. Regarding
equity, SMORL tends to worsen the recommendation bias more than
vanilla baselines.

6 CONCLUSION
In this paper, we briefly survey the state-of-the-art MORSs, show-
ing that few papers release source codes and datasets to reproduce
the work. We reproduce the work by Stamenkovic et al. [29], which
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Table 7: Results on Source Bias/Recommendation Bias (Bias Disparity) for different categories of items on Retailrocket dataset.
Values of Bias Disparity closer to 0 are in bold, assessed for different cutoff@𝑘 , with 𝑘 ∈ {5, 10, 20}.

Model 𝑐1 𝑐2 𝑐3 𝑐4 𝑐1 𝑐2 𝑐3 𝑐4 𝑐1 𝑐2 𝑐3 𝑐4

Cutoff@5 Cutoff@10 Cutoff@20

GRU 0.43/0.34
(-0.22)

0.65/0.54
(-0.17)

0.76/0.73
(-0.04)

1.12/1.14
(0.02)

0.43/0.35
(-0.18)

0.65/0.53
(-0.18)

0.76/0.74
(-0.03)

1.12/1.14
(0.02)

0.43/0.37
(-0.14)

0.65/0.54
(-0.18)

0.76/0.75
(-0.01)

1.12/1.13
(0.01)

GRU-SMORL 0.43/0.3
(-0.29)

0.65/0.55
(-0.15)

0.76/0.7
(-0.08)

1.12/1.15
(0.03)

0.43/0.3
(-0.31)

0.65/0.55
(-0.15)

0.76/0.7
(-0.08)

1.12/1.15
(0.03)

0.43/0.31
(-0.27)

0.65/0.56
(-0.14)

0.76/0.71
(-0.07)

1.12/1.14
(0.02)

Caser 0.43/0.22
(-0.48)

0.65/0.6
(-0.08)

0.76/0.69
(-0.1)

1.12/1.15
(0.03)

0.43/0.23
(-0.46)

0.65/0.58
(-0.1)

0.76/0.71
(-0.08)

1.12/1.14
(0.02)

0.43/0.23
(-0.46)

0.65/0.58
(-0.11)

0.76/0.72
(-0.06)

1.12/1.14
(0.02)

Caser-SMORL 0.43/0.22
(-0.49)

0.65/0.5
(-0.23)

0.76/0.68
(-0.12)

1.12/1.16
(0.04)

0.43/0.23
(-0.45)

0.65/0.5
(-0.24)

0.76/0.67
(-0.12)

1.12/1.16
(0.04)

0.43/0.25
(-0.42)

0.65/0.5
(-0.23)

0.76/0.68
(-0.11)

1.12/1.16
(0.04)

NextItNet 0.43/0.32
(-0.25)

0.65/0.54
(-0.18)
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Figure 1: Results on PopREO and PopRSP on RC 15 and Retail Rocket datasets. Lower values are better for both metrics.
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proposes SMORL, a Multi-Objective Reinforcement Learning-based
algorithm, to produce relevant, diverse, and novel recommenda-
tions. Firstly, we replicate the original experiments to highlight
challenges in replicating MORSs papers when crucial details are
missing. Furthermore, we assess the SMORL’s ability to control
the importance of each objective. Then, since SMORL is focused
only on user-centered objectives, we extend the analysis of the al-
gorithm to shed light on the recommendation biases and the items’
exposure of SMORL. Our experiments in several directions led to
new observations, summarized below.
Perspective issues in MORSs. The very nature of MORSs leads
to perspective issues in selecting the best models. Since we deal
with several objectives, more solutions are potential candidates to
represent the best model selected with respect to the combination
of two or more metrics. Consequently, as a research community, we
must explicit the criteria adopted to select the models whose perfor-
mance is reported in MORSs papers. This improvement is crucial
to enhance the reproducibility of the works and a fair comparison
among them.
Controlling the objectives is not trivial. MORSs’ ability to con-
trol the influence of several objectives deserves much attention.
Indeed, the positive correlation among some objectives makes their
precise control complicated. Therefore, a new research direction is
opened regarding the preliminary study on the nature of the objec-
tives we consider. Indeed, the risk is to provide recommendations
according to the optimization of several metrics without having
control of them.
Recommendations are multi-sided. Despite focusing on user-
centered objectives in MORSs, we should be aware of what is hap-
pening on the other sides of recommendations. While improving
several user-related metrics in MORSs, we may affect other evalua-
tion dimensions, such as algorithmic biases and provider fairness.
As in the SMORL case, we may introduce biases in the recommen-
dations or trouble the equality of items’ exposure. Therefore, the
analysis of dimensions beyond the objectives we are blending in
our MORSs is needed.
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