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Abstract

Simulating a recommendation system in a controlled environment,
to identify specific behaviors and user preferences, requires highly
flexible synthetic data generation models capable of mimicking
the patterns and trends of real datasets. In this context, we pro-
pose HyDRA, a novel preferences data generation model driven
by three main factors: user-item interaction level, item popular-
ity, and user engagement level. The key innovations of the pro-
posed process include the ability to generate user communities
characterized by similar item adoptions, reflecting real-world social
influences and trends. Additionally, HyDRA considers item pop-
ularity and user engagement as mixtures of different probability
distributions, allowing for a more realistic simulation of diverse
scenarios. This approach enhances the model’s capacity to simulate
a wide range of real-world cases, capturing the complexity and
variability found in actual user behavior. We demonstrate the effec-
tiveness of HyDRA through extensive experiments on well-known
benchmark datasets. The results highlight its capability to replicate
real-world data patterns, offering valuable insights for developing
and testing recommendation systems in a controlled and realis-
tic manner. The code used to perform the experiments is publicly
available: https://github.com/flexibledatageneration/HYDRA.
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1 Introduction

Ensuring clean and reliable interaction data is a major concern
in the context of recommendation [19, 42], social network analy-
sis [2, 37], and machine learning in broad sense [22]. As algorithms
become more powerful and sophisticated, the demand for reliable
benchmarking studies to evaluate and compare their capabilities
across various perspectives and scenarios is growing [45]. How-
ever, the availability of benchmark open-source datasets is limited
since large industrial companies generally do not release their vast
amounts of proprietary data to the public. As a result, the need for
dependable datasets is more urgent and valuable than ever.

Traditionally, evaluation takes place using a variety of publicly
available real-life datasets. Notable examples are Movielens [17]
and Netflix [6], Lastfm [7] and Yahoo! Music [14], Epinions [40],
and Amazon [20]. However, these real-life benchmark datasets
exhibits several limitations. First, they tend to focus on specific
domains, limiting the generalizability of findings across diverse
applications. Additionally, many of these datasets lack the scale
needed to assess the performance of algorithms in large, real-world
settings, which can lead to inaccurate performance assessments.
Lastly, intrinsic biases present in these datasets, such as filter bub-
bles or echo chambers resulting from feedback loops in operational
environments [1, 16, 23], can distort the evaluation of recommender
systems, leading to misleading conclusions about their effective-
ness.

Standardized datasets can help mitigate these issues by offering
a broader, unbiased, and scalable framework for testing and improv-
ing recommendation algorithms. To obtain them, crowd-sourcing
can be considered as a viable option [25, 26, 33, 55]. However, re-
cruiting real users is generally expensive and time-consuming. Be-
sides, user’s behavior data poses several privacy concerns and chal-
lenges that prevent actual recruitinig strategies and in general the
disclosure and availability of preferences. Indeed, a more practical
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and comprehensive solution to fill the aforementioned gaps and ad-
dress the scarcity and inadequacy of real data consists of generating
data synthetically.

In this regard, some methods try to replicate the characteristics
of real-world data by learning their distribution [3, 32], by perform-
ing augmentation [47] or compression [51]. These methods learn
directly from the ground truth, thus providing a reliable replica-
tion of real-world data. Nevertheless, such approaches are bound
to the underlying originary scenarios, thus lacking flexibility. On
the other hand, generative probabilistic frameworks represents vi-
able alternatives for producing synthetic datasets [4, 27, 38, 44, 48].
However, current synthetic generation methods of preference data
face significant limitations, including narrow customization and
unrealistic distributions. These methods struggle to accurately re-
flect nuanced user preferences and behaviors. Additionally, the
data often lacks variability, leading to overly simplistic patterns
that fail to capture the complexity of real-world user interactions
and network structures.

In this paper, we present HyDRA (Hyper-Parametric Data gen-
eration for Recommendation Analysis), a flexible generative prob-
abilistic framework for generating preference data. The theoret-
ical foundation of our method relies on three main components:
modeling user beliefs, leanings, and attitude to engage and interact;
assessing item exposure and potential popularity; and evaluating the
likelihood that users’ and items’ inherent features match. From this
theoretical model, we parameterize the framework by introducing
multiple control factors to leverage a fully controllable generation
process. Our method notably allows for: (i) regulating user-item
interactions; (ii) freely tweaking the underlying data distributions;
and (iii) faithfully replicating the characteristics of pre-existing
datasets. We perform an extensive evaluation of HyDRA, assessing
its efficacy under the aforesaid perspectives.

The rest of the paper is structured as follows. Section 2 provides
an overview of state-of-the-art synthetic generation procedures. In
Section 3, we formally define our methodology and discuss its theo-
retical foundation. Section 4 describes the instantiation of HyDRA
based on insights from the modeling discussion. We present the
experimental results in Section 5, demonstrating the flexibility of
HyDRA. Finally, Section 6 offers pointers for future developments.

2 Related Work

Given the scarcity of high-quality real-world datasets for recom-
mender systems, there has been considerable effort in the literature
to generate synthetic data. In this broad context, we specifically
concentrate on producing realistic user-item interactions. This task
poses several challenges, including the necessity to replicate the
topological characteristics of real-world scenarios [4, 15, 27, 32].
The present literature covers a wide range of different approaches,
which we outline below.

Data Augmentation and Condensation.Data augmentation con-
sists of expanding an existing dataset while preserving its structural
properties. This valuable task has been extensively studied in the
literature. Vo and Soh [47] propose a framework based on Varia-
tional Autoencoders (VAEs) for generating novel items that users
will probably interact with. Belletti et al. [5] propose an expanding
approach based on an adaption of Kronecker Graphs. More recent

approaches have also explored the adoption of Large Language
Models in this regard [34].

In an opposite perspective, condensation refers to the task of
compressing the original data while still maintaining their prop-
erties. Wu et al. [51] propose a novel framework for condensing
the original dataset while addressing the long-tail problem with a
reasonable choice of false negative items. Jin et al. [24] propose a
strategy aimed at compacting a graph preserving its features for
classification tasks. The process is performed by a gradient match-
ing loss optimization and a strategy to condense node features and
structural information simultaneously.
Semi-Synthetic Generation. Differently from data augmentation
methods, these approaches involve models learning directly from
a ground-truth dataset to generate a fully synthetic one. For in-
stance, Bobadilla and Gutierrez [8] introduce a Wasserstein-GAN
architecture [3] for this purpose. The resulting synthetic dataset ex-
hibits similar patterns and distributions of users, items, and ratings
compared to the real dataset used in the experimental evaluation.

A specific sub-field of this research area focuses on generat-
ing synthetic data to protect sensitive real-world information [30].
These methods are typically applied in fields such as finance and
healthcare, and in general in any context where data privacy is
crucial [29, 30]. For instance, in [43], the framework alters a subset
of real data values to produce a new semi-synthetic dataset. Sim-
ilarly, in [44], the model starts by generating a dense user-item
matrix using a probabilistic matrix factorization approach based on
Gaussian distributions, further masking some user preferences.
Probabilistic Models. The generation of synthetic data is often
performed by adopting probabilistic approaches. Different kinds of
distributions have been explored for user-item content sampling,
such as the typical Gaussian [50], the Bernoullian [52], the Dirich-
let and Chi-square distributions [46]. Among the others, Hu et al.
[21] propose a Bayesian Generative Framework and modeling pro-
cedure based on Gibbs Sampling for binary count data with side
information.
Simulation-based approaches. Driven by the objective of inte-
grating generation and recommendation, other methods aim at
simulating realistic interactions for inactive users [48, 49, 54]. In
[39], the intent is to generate a binary preference matrix with five
different topics spanning from the Far Left to the Far Right of the
political spectrum. Their main limitation is the lack of a study of the
generated user and item distributions. Chaney et al. [9] extend the
model proposed in [41] for allowing multiple interactions for the
same user. The histories are generated by sampling from a (noisy)
utility matrix which represents the actual preferences of users.

Table 1 reports the portion of methods presented in this section
that generate synthetic datasets from scratch, thus presenting sim-
ilarities with our proposal. The table summarizes the differences
with our methodology.

3 Data Modeling

The foundational intuition behind our proposal is to jointly model
the observations of users and items in a preference dataset along
with intrinsic information within the data, represented as data
statistics. While the latter are essentially hidden information em-
bedded within the list of user-item pairs, they could be distorted by
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Model No training Realistic Flexibile Source Code
Distributions Interactions Topics

HyDRA (ours) ✓ ✓ ✓ ✓ ✓ ✓

Tso et al. [46] ✓ ✗ ✗ ✗ ✓ ✗

Smith et al. [44] ✓ ✓ ✗ ✓ ✗ ✗

Chaney et al. [9] ✗ ✗ ✗ ✗ ✗ ✗

Zhang et al. [52] ✓ ✗ ✗ ✓ ✓ ✗

Ribeiro et al. [39] ✓ ✓ ✗ ✗ ✓ ✓

Table 1: Comparison between the proposed framework and

the state-of-the-art models which generate synthetic data

from scratch. The column “No training" indicates whether

the method allows to generating interactions without a train-

ing phase; “Realistic" refers to the conformity of the gener-

ated data to the typical properties of real-world data distribu-

tions (e.g. long-tailed); “Source Code" denotes the availability

of the code for the experiments; finally, the column “Flexi-

ble" refers to the adaptability of the approach in terms of (i)
fitting a specific distribution, (ii) ad-hoc tuning the synthetic

user-item interactions, and (iii) introducing a given number

of topics, further regulating the users interest accordingly.

a probabilistic model if not explicitly considered. From this insight,
considering the number of items adopted by each user and the num-
ber of users for each item as key statistics, it follows that HyDRA
is governed by three main components: User-Item Matching, User
Engagement Level, and Item Popularity.
User-Item Matching. This factor summarizes the level of affinity
between user preferences and item characteristics. Typically, users
select items that meet and satisfy their tastes and needs. We believe
this phenomenon is not absolute; rather, it depends on other two
factors. First, a user does not have visibility of the entire set of
items, making it unrealistic for a choice to be driven solely by
preferences. Secondly, a user-item pair will be observable in the
preference matrix only if both the user and the item have achieved a
certain level of exposure: user engagement level and item popularity,
respectively.
User Engagement Level. The probability of observing a user is a
consequence of their affiliation with interaction platform. Thus, the
generative model must define a distribution capable of simulating
the frequency of user occurrences in the dataset.
Item Popularity. Previous studies in the field of recommendation
systems [10, 56] have shown that user behavior is significantly
influenced by the phenomenon of popularity bias. Users tend to be
influenced by global trends, and an item is often chosen because
of its popularity, regardless of its actual affinity with various users.
This reinforces the principle that an item’s value increases as it is
adopted by more individuals [31].

Let 𝑈 = {1, . . . , 𝑛} and 𝐼 = {1, . . . ,𝑚} be the set of users and
items, respectively. Let D be the dataset of all user preferences,
expressed as pairs (𝑢, 𝑖), where 𝑢 ∈ 𝑈 and 𝑖 ∈ 𝐼 . From D, we
can derive the vectors z ∈ N𝑛 and y ∈ N𝑚 , such that 𝑧𝑢 = |{𝑖 :
(𝑢, 𝑖) ∈ D}| represents the level of engagement of user 𝑢 and
𝑦𝑖 = |{𝑢 : (𝑢, 𝑖) ∈ D}| represents the popularity of item 𝑖 . Formally,
given a set 𝜈 of parameters governing the preferences, HyDRA
defines the likelihood of the observed tuple (D, z, y, 𝜈) by utilizing
an implicit feedback approach. This means we define a random

variable 𝑟 ∈ {0, 1} to indicate whether a pair (𝑢, 𝑖) exists in the
dataset. Consequently, we have:

𝑃 (D, z, y, 𝜈 |Θ) = 𝑃 (𝜈) 𝑃𝜈 (D|z, y) 𝑃 (z, y|Θ) , (1)

where

𝑃𝜈 (D|z, y) =
∏
𝑢,𝑖∈D

𝑃𝜈 (𝑟 = 1, 𝑢, 𝑖 |𝑧𝑢 , 𝑦𝑖 )∏
𝑢,𝑖∉D

[1 − 𝑃𝜈 (𝑟 = 1, 𝑢, 𝑖 |𝑧𝑢 , 𝑦𝑖 )]
(2)

and 𝑃 (z, y|Θ) = 𝑃 (z|Θ) 𝑃 (y|Θ) represents the probability of ob-
serving the frequencies z and y. As mentioned, the probabilities
𝑃𝜈 (𝑟,𝑢, 𝑖 |𝑧𝑢 , 𝑦𝑖 ), 𝑃 (z|Θ) and 𝑃 (y|Θ) represent the User-Item Match-
ing, User Engagement Level, and Item Popularity components, re-
spectively. In particular, 𝑃𝜈 (𝑟,𝑢, 𝑖 |𝑧𝑢 , 𝑦𝑖 ) can be factored as

𝑃𝜈 (𝑟 = 1, 𝑢, 𝑖 |𝑧𝑢 , 𝑦𝑖 ) = 𝑃𝜈 (𝑟 = 1|𝑢, 𝑖) 𝑃 (𝑢 |𝑧𝑢 ) 𝑃 (𝑖 |𝑦𝑖 ) , (3)

assuming independence between the pairs (𝑢, 𝑧𝑢 ) and (𝑖, 𝑦𝑖 ).
In addition, we model the distributions governing User Engage-

ment Level and Item Popularity as a mixture of components:

𝑃 (z|Θ) =
𝐾∑︁
𝑘=1

𝜋𝑘

∏
𝑢∈𝑈

𝑃𝜃𝑘 (𝑧𝑢 ) ; 𝑃 (y|Θ) =
𝐻∑︁
ℎ=1

𝜓ℎ

∏
𝑖∈𝐼

𝑃𝜗ℎ (𝑦𝑖 ) . (4)

Here, {1, . . . , 𝐾} and {1, . . . , 𝐻 } represent partitions over two prob-
abilistic spaces containing the chosen distributions for the User
Engagement Level and the Item Popularity, respectively, whose
parameters are 𝜃𝑘 and 𝜗ℎ , with 𝑘 ∈ {1, . . . , 𝐾} and ℎ ∈ {1, . . . , 𝐻 }.
Within the equations, the probabilities 𝜋𝑘 and 𝜓ℎ indicate mix-
ing distributions. Combining Equations 2, 3 and 4, we can rewrite
Equation 1 as:

𝑃 (D, z, y, 𝜈 |Θ) = 𝑃 (𝜈) 𝑃𝜈 (D|z, y)
𝐾∑︁
𝑘=1

𝐻∑︁
ℎ=1

𝜋𝑘𝜓ℎ

∏
𝑢∈𝑈

𝑃𝜃𝑘 (𝑧𝑢 )
∏
𝑖∈𝐼

𝑃𝜗ℎ (𝑦𝑖 )
(5)

3.1 User-Item Matching

Drawing inspiration from [9] and [44], we instantiate 𝜈 = {𝜈𝑢 , 𝜈𝑖 }
as the set of the model parameters 𝜈𝑢 = {𝜌𝑢 , 𝜇𝜌𝑢 }𝑢∈𝑈 and 𝜈𝑖 =

{𝛼𝑖 , 𝜇𝛼𝑖 }𝑖∈𝐼 , relative to users and items, that govern the probability
of observing preferences. First, we define User-Item Matching by
exploiting latent factors:

𝑃𝜈 (𝑟 = 1|𝑢, 𝑖) = 𝜆 · 𝜌⊤𝑢 𝛼𝑖 , (6)

where 𝜌𝑢 and 𝛼𝑖 are latent vectors of size 𝑓 , representing instan-
tiations over a domain of features that characterize user preferences
and item properties. The 𝜆 component is a regularization term based
on the likelihood of observing an interaction in the specific domain
of interest, regardless of the users/items involved, thus modeling
the intrinsic expected density of D.

Both 𝜌𝑢 and 𝛼𝑖 are modeled considering a hierarchical process
based on Dirichlet distributions. The first step draws the prior
probabilities 𝜇𝜌𝑢 and 𝜇𝛼

𝑖
for each user and item over the latent space,

while the second step draws their posterior distributions. For users,
we define:

𝜌𝑢 ∼ Dirichlet(10 𝜇𝜌𝑢 ) and 𝜇
𝜌
𝑢 ∼ Dirichlet(1𝑓 ) , (7)
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where 1𝑓 denotes a vector composed of 𝑓 ones. The 1𝑓 parame-
ter of the Dirichlet distribution that models 𝜇𝜌𝑢 allows the prior
probability of users to evenly distribute in the latent space. This
implies that a user may uniformly assume any kind of role, rang-
ing from a generalist, who is interested in all features within the
latent space, to a specialist, who focuses their attention on a specific
topic. However, once a point is selected, the user is likely to exhibit
weighted preferences for a subset of features. This behavior is mod-
eled by the Dirichlet distribution with parameters 10 𝜇𝜌𝑢 , where 𝜇

𝜌
𝑢

represents the center of the user’s preferences. The scaling factor
of 10 encourages users to explore a broader range of latent factors,
counteracting the tendency of the Dirichlet distribution to prioritize
vertices of the latent space when its parameters are in the interval
[0, 1], such as in the case of 𝜇𝜌𝑢 .

A notable difference in our approach compared to [9] is in the
sampling of 𝜇𝜌𝑢 that is performed for each user. This means that
all generated users are evenly mapped in the latent space, thus
potentially exhibiting a wide range of behaviors, from generalist to
specialist. In contrast, single sampling leads to user stereotyping,
where users cluster around a shared behavioral profile that acts as
an unpredictable center of mass. Figure 10 in Appendix A illustrates
this difference.

Similarly to 𝜌𝑢 , for each item 𝑖 we define 𝛼𝑖 as:

𝛼𝑖 ∼ Dirichlet(0.1 𝜇𝛼𝑖 ) and 𝜇𝛼𝑖 ∼ Dirichlet(100𝑓 ) , (8)

where 100𝑓 denotes a vector composed of 𝑓 entries, each equal
to 100. In this case, we constrain 𝜇𝛼

𝑖
to be at the center of the

space. In our opinion, if users have the freedom to explore the
entire latent space, items should be confined to a limited subset of
topics. Therefore, we model 𝛼𝑖 according to a Dirichlet distribution
with parameters 𝜇𝛼

𝑖
scaled down by a factor of 0.1. This approach

emphasizes the vertex prioritization phenomenon of the Dirichlet
distribution, making it highly unlikely for items to encompass all
latent factors. Again, Figure 11 in Appendix A illustrates this aspect.

In summary, the probability of observing a preference is condi-
tioned by a global prior component, defined as:

𝑃 (𝜈) =
∏
𝑢∈𝑈

𝑃 (𝜈𝑢 )
∏
𝑖∈𝐼

𝑃 (𝜈𝑖 ) , (9)

where:

𝑃 (𝜈𝑢 ) = Dirichlet(𝜌𝑢 ; 10 𝜇𝜌𝑢 ) Dirichlet(𝜇
𝜌
𝑢 ; 1𝑓 ) (10)

𝑃 (𝜈𝑖 ) = Dirichlet(𝛼𝑖 ; 0.1 𝜇𝛼𝑖 ) Dirichlet(𝜇
𝛼
𝑖 ; 100𝑓 ) . (11)

Generating partitions.The proposed protocol can be easily adapted
to generate topical user communities and item categories. Specifi-
cally, we can partition𝑈 = {𝑈1,𝑈2, . . . ,𝑈𝑐 }, and 𝐼 = {𝐼1, 𝐼2, . . . , 𝐼𝑔}
to represent populations of users and items that exhibit strong inter-
nal homophily and external heterogeneity across the latent space.
This ensures that HyDRA can simulate realistic topical connections
between groups of similar users who share preferences for a subset
of features and groups of items characterized by those features.
To disable a feature in a user community 𝑐 (or item category 𝑔),
it is sufficient to set, for each user in 𝑐 (or each item in 𝑔), the re-
lated component of 𝜇𝜌𝑢 (or 𝜇𝛼

𝑖
, respectively) to an arbitrarily small

constant 𝜖 . Users within the community will be evenly distributed
around the remaining latent factors, while items will maintain their
uneven distribution across these factors.

In terms of likelihood, the proposed partitions can be modeled by
a suitable adaptation of Equation 9, to include a mixture of priors
over the 𝜇𝜌𝑢 and 𝜇𝛼

𝑖
components.

3.2 User Engagement and Item Popularity

An additional element of flexibility can be achieved by appropriately
modeling the factors of User Engagement Level and Item Popular-
ity, which in Equation 5 act as regularization terms for User-Item
Matching. Empirical evidence shows that engagement and popu-
larity typically adhere to Long-Tail distributions [11, 12, 35]. As
aforesaid, our approachmodels these factors as mixtures of such dis-
tributions: 𝑃𝜃𝑘 for users and 𝑃𝜗ℎ for items, with 𝑘 ∈ {1, . . . , 𝐾} and
ℎ ∈ {1, . . . , 𝐻 }. The distributions we focused on in our modeling
are show in Table 2.

Distribution Parameters 𝜃/𝜗 𝑓 (𝑥 ) 𝐶

Power-Law 𝛼 𝑥−𝛼 (𝛼 − 1)𝑥𝛼−1
min

Power-Law with
Exponential cut-off

𝛼, 𝜆 𝑥−𝛼𝑒−𝜆𝑥 𝜆1−𝛼

Γ (1−𝛼,𝜆𝑥min )

Exponential 𝜆 𝑒−𝜆𝑥 𝜆𝑒𝜆𝑥𝑚𝑖𝑛

Stretched Exponential 𝜆, 𝛽 𝑥𝛽−1𝑒−𝜆𝑥
𝛽

𝛽𝜆𝑒𝜆𝑥
𝛽

min

Log-Normal 𝜇, 𝜎 1
𝑥 exp

[
− (ln𝑥−𝜇 )

2

2𝜎2

] √︃
2
𝜋𝜎2

[
erfc

(
ln𝑥min−𝜇√

2𝜎

)]−1

Table 2: List of Long-Tail distributions employed. The com-

plete form is 𝑃 (𝑥) = 𝐶 𝑓 (𝑥), such that

∫ ∞
𝑥𝑚𝑖𝑛

𝐶 𝑓 (𝑥)𝑑𝑥 = 1.

In practice, the modeling is based on the assumption that obser-
vations z and y adhere to long-tailed distributions, in a two step
process devised as follows:

𝑘 ∼ Discrete(𝜋)
𝑧𝑢 ∼ 𝑃𝜃𝑘 , 𝑢 ∈ 𝑈

ℎ ∼ Discrete(𝜓 )
𝑦𝑖 ∼ 𝑃𝜗ℎ , 𝑖 ∈ 𝐼

(12)

Here, 𝑃𝜃𝑘 (𝑧𝑢 ) represents the probability of observing the frequency
𝑧𝑢 relative to user 𝑢. The resulting mixture of distributions enables
adaptation to different probability shapes, thus resulting a more
faithful representation of the characteristics of real-world observa-
tions.

The final component in modeling the User Engagement is the
probability of observing user 𝑢 (respectively, item 𝑖 for Item Popu-
larity) within a preference, which is proportional to its frequency1:

𝑃 (𝑢 |𝑧𝑢 ) = Bernoulli(𝜚𝑢 ) 𝑃 (𝑖 |𝑦𝑖 ) = Bernoulli(𝜑𝑖 )
𝜚𝑢 ∼ Beta′ (𝑧𝑢/𝑚,𝜎𝑢 ) 𝜑𝑖 ∼ Beta′ (𝑦𝑖/𝑛, 𝜎𝑖 )

(13)

Notably, the engagement level 𝑧𝑢 of a user is crucial for both
the component

∏
𝑢 𝑃𝜃𝑘 (𝑧𝑢 ) and the component 𝑃 (𝑢 |𝑧𝑢 ). The first

term represents the global likelihood of observing the degree dis-
tribution of users. By modeling it as a long-tail distribution, this
probability tends to favor realistic situations where many users
with low occurrence in a few highly frequent users. The second
term, however, encourages the selection of frequent users among
those generated when creating user-item pairs. A similar reasoning
can be done focusing on the items.

1Here, Beta′ (𝜇, 𝜎 ) represents an alternative parametrization of the Beta(𝛼, 𝛽 ) distri-
bution based on the specification of mean and variance, as suggested in [9].
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3.3 Inference and Estimation

The above formalization relies on a parameter set Θ that can be
readily estimated from real-world data. More formally, given D̂ =

{D, z, y, 𝜈}, we aim at estimating the optimal parameter set Θ.
To achieve this, we employ a variational approach by defining
𝑄 (ℎ, 𝑘 |D̂,Θ) as a proposal probability distribution. Then, the fol-
lowing inequality holds:

log 𝑃 (D̂ |Θ) ≥ log 𝑃Θ (𝜈) + log 𝑃𝜈 (D|z, y)

+
𝐾∑︁
𝑘=1

𝐻∑︁
ℎ=1

𝑄 (ℎ, 𝑘 |D̂,Θ)
{

log(𝜋𝑘 𝜓ℎ)

+
∑︁
𝑢∈𝑈

log 𝑃𝜃𝑘 (𝑧𝑢 ) +
∑︁
𝑖∈𝐼

log 𝑃𝜗ℎ (𝑦𝑖 )
}

−
𝐾∑︁
𝑘=1

𝐻∑︁
ℎ=1

𝑄 (ℎ, 𝑘 |D̂,Θ) log𝑄 (ℎ, 𝑘 |D̂,Θ) .

(14)

Within the inequality, the lower bound is characterized by the log-
likelihood of the preferences D, the expected log-likelihood of the
frequencies z and y, and the cross-entropy of the proposal distribu-
tion 𝑄 . Specifically, the latter serve as a regularization component,
indicating that in the absence of additional information, all proba-
bility distributions are considered equally likely. It can be shown
that the optimal 𝑄 , given the other components, can be expressed
as:

𝑄 (ℎ, 𝑘 |D̂,Θ) =
𝜋𝑘 𝜓ℎ

∏
𝑢 𝑃𝜃𝑘 (𝑧𝑢 )

∏
𝑖 𝑃𝜗ℎ (𝑦𝑖 )∑𝐾

𝑘=1
∑𝐻
ℎ=1 𝜋𝑘 𝜓ℎ

∏
𝑢 𝑃𝜃𝑘 (𝑧𝑢 )

∏
𝑖 𝑃𝜗ℎ (𝑦𝑖 )

. (15)

Using the optimal 𝑄 , we can then formulate a loss component
over two subsets 𝑆 ⊆ D and 𝑆 ⊆ 𝑈 × 𝐼 \ D, related to the other
model parameters:

ℓ (Θ|𝑆) = − log 𝑃Θ (𝜈)

−
∑︁
𝑢,𝑖∈𝑆

log (𝑃𝜈 (𝑟 = 1|𝑢, 𝑖) 𝑃 (𝑢 |𝑧𝑢 ) 𝑃 (𝑖 |𝑦𝑖 ))

−
∑︁
𝑢,𝑖∈𝑆

log (1 − 𝑃𝜈 (𝑟 = 1|𝑢, 𝑖) 𝑃 (𝑢 |𝑧𝑢 ) 𝑃 (𝑖 |𝑦𝑖 ))

−
∑︁
𝑢∈𝑈

log (𝑃Θ (𝜚𝑢 )) −
∑︁
𝑖∈𝐼

log (𝑃Θ (𝜑𝑖 ))

− Eℎ,𝑘∼𝑄

[
log(𝜋𝑘 𝜓ℎ) +

∑︁
𝑢∈𝑈

log 𝑃𝜃𝑘 (𝑧𝑢 ) +
∑︁
𝑖∈𝐼

log 𝑃𝜗ℎ (𝑦𝑖 )
]
.

(16)

where 𝑆 = {𝑆, 𝑆, z, y, 𝜈} and 𝜆Θ = exp𝜐.
An Expectation-Maximization scheme for parameter estimation

can thus be devised by combining the alternating computation of
𝑄 with gradient descent, as outlined in Algorithm 1.

4 Synthetic Data Generation

The probabilistic modeling framework outlined so far enables the
definition of a generative stochastic process for preferences. The
general structure of the process is detailed as follows:

Sampling Process

1: Draw user distribution choice 𝑘 ∼ Discrete(𝜋 )

Algorithm 1 Parameter Estimation
1: Input: D, 𝜈
2: Output: Θ
3: Initialize Θ(0) randomly
4: Compute z and y from D
5: D̂ ← {D, z, y, 𝜈 }
6: 𝑡 ← 0
7: while Θ has not converged do

8: Compute𝑄 (ℎ, 𝑘 | D̂,Θ(𝑡 ) ) {Expectation step, Eq. 15}
9: Sample a batch 𝑆 ⊆ D of preferences
10: Sample a batch 𝑆 ⊆ 𝑈 × 𝐼 \ D of negative pairs
11: Update Θ(𝑡+1) by gradient descent {Maximization step}

∇Θℓ
(
Θ(𝑡 ) |𝑆, 𝑆, z, y, 𝜈

)
{Eq. 16}

12: 𝑡 ← 𝑡 + 1
13: end while

2: Draw item distribution choice ℎ ∼ Discrete(𝜓 )
3: For 𝑢 ∈ 𝑈 :
3.1: Draw 𝜌𝑢 ∼ Dirichlet(10 𝜇𝜌𝑢 ), where 𝜇

𝜌
𝑢 ∼ Dirichlet(1𝑓 )

3.2: Draw 𝜚𝑢 ∼ Beta′ (𝑧𝑢/𝑚,𝜎𝑢 ), where 𝑧𝑢 ∼ 𝑃𝜃𝑘

4: For 𝑖 ∈ 𝐼 :
4.1: Draw 𝛼𝑖 ∼ Dirichlet(0.1 𝜇𝛼

𝑖
), where 𝜇𝛼

𝑖
∼ Dirichlet(100𝑓 )

4.2: Draw 𝜑𝑖 ∼ Beta′ (𝑦𝑖/𝑛, 𝜎𝑖 ), where 𝑦𝑖 ∼ 𝑃𝜗ℎ

5: For 𝑢 ∈ 𝑈 and 𝑖 ∈ 𝐼 :
5.1: If Bernoulli

(
𝜆 · 𝜌⊤𝑢𝛼𝑖 · 𝜚𝑢 · 𝜑𝑖

)
then:

5.1.1: Generate (𝑢, 𝑖 )

Taking inspiration from Equation 3, the first step of the algorithm
is to select the distributions 𝑘 ∈ {1, . . . , 𝐾} and ℎ ∈ {1, . . . , 𝐻 } that
govern User Engagement Level and Item Popularity, respectively,
through two Discrete distributions (lines 1-2). Subsequently, the
process characterizes users and items (lines 3-4), by (a) choosing
the latent features (𝜇𝜌𝑢 , 𝜌𝑢 ) and (𝜇𝛼𝑖 , 𝛼𝑖 ) ; (b) sampling Engagement
Level and the Popularity from the chosen distribution 𝑘 and ℎ;
devising their probability of occurrence 𝑃 (𝑢 |𝑧𝑢 ) and 𝑃 (𝑖 |𝑦𝑖 ), as in-
dicated in Equation 13. Finally, in line 5, leveraging Equations 6 and
5, a Bernoulli trial is conducted for each user 𝑢 ∈ 𝑈 and each item
𝑖 ∈ 𝐼 . The User-Item Matching, i.e., the probability of generating
the user-item pair (𝑢, 𝑖), is given by the combination of the sampled
components. If the trial succeeds, the pair (𝑢, 𝑖) then is generated.

HyDRA. Based on the general schema described so far, we tweak
the probabilistic generative model to adapt the synthetic generation
of datasets of implicit preferences for recommendation systems.
The resulting algorithm, HyDRA offers extensive control options,
enabling the simulation of various user behaviors and item charac-
teristics. The pseudo-code of HyDRA is shown in Algorithm 2. In
the following, we discuss its control options.

Generation of communities and categories. Manipulating the
priors of the Dirichlet distributions allows for the generation of
user communities and item categories. Given a partition of 𝑈 and
a partition of 𝐼 , lines 3 and 4 of the Sampling Process can be ex-
tended by filtering the hyper-parameters 1𝑓 and 100𝑓 . By utilizing
a custom function, referred to as FilterPrior (lines 6 and 13 in
HyDRA), which maps elements of the partition to distinct subsets
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Algorithm 2 HyDRA
1: Input: user set 𝑈 and item set 𝐼 ; user communities 𝑈1, . . . ,𝑈𝑐 and

item categories 𝐼1, . . . , 𝐼𝑔 with associated features; Distribution priors
𝜋 ,𝜓 ; number of latent features 𝑓 and disabling factor 𝜀; noise weight
𝛿 and prior 𝜒 , density control weights 𝜆, 𝜁 , 𝜉 , minimum frequency 𝜏 ;
variability of the Beta’ distributions 𝛽 , 𝜎𝑢 , and 𝜎𝑖 .

2: Output: D
3: Draw user distribution 𝑘 ∼ Categorical(𝜋 )
4: Draw item distribution ℎ ∼ Categorical(𝜓 )
5: for 𝑠 ∈ {1, . . . , 𝑐 } and 𝑢 ∈ 𝑈𝑠 do

6: 𝑓 = FilterPrior(1𝑓 , 𝑠, 𝜀 ) {Generate communities}
7: Sample user hyper-parameters 𝜇𝜌𝑢 ∼ Dirichlet(𝑓 )
8: Sample user latent factors 𝜌𝑢 ∼ Dirichlet(10 𝜇𝜌𝑢 )
9: Draw the user interactions 𝑧𝑢 ∼ 𝑃𝜃𝑘
10: Define User Engagement Level 𝑃 (𝑢 |𝑧𝑢 ) as 𝜚𝑢 ∼ Beta′ (𝑧𝑢/𝑚,𝜎𝑢 )
11: end for

12: for 𝑠 ∈ {1, . . . , 𝑔} and 9 ∈ 𝐼𝑠 do

13: 𝑓 = FilterPrior(100𝑓 , 𝑠, 𝜀 ) {Generate categories}
14: Sample item hyper-parameters 𝜇𝛼

𝑖
∼ Dirichlet(𝑓 )

15: Sample item latent factors 𝛼𝑖 ∼ Dirichlet(0.1 𝜇𝛼
𝑖
)

16: Draw the item interactions 𝑦𝑖 ∼ 𝑃𝜗ℎ
17: Define the Item Popularity 𝑃 (𝑖 |𝑦𝑖 ) as 𝜑𝑖 ∼ Beta′ (𝑦𝑖/𝑛, 𝜎𝑖 )
18: end for

19: D ← ∅
20: Sample 𝜔 ∼ Beta′ (𝜒, 𝛽 ) {Noise factor}
21: for 𝑢 ∈ 𝑈 do

22: D𝑢 ← ∅
23: while |D𝑢 | < 𝜏 do
24: for 𝑖 ∈ 𝐼 do
25: Define the User-Item Matching 𝑇𝑢,𝑖 ← 𝜌⊤𝑢 𝛼𝑖
26: 𝑇𝑢,𝑖 ← 𝛿 𝑇𝑢,𝑖 + (1 − 𝛿 ) 𝜔 {Adding noise}
27: 𝑇𝑢,𝑖 ← 𝜆 · 𝑇𝑢,𝑖 · 𝜚𝜁𝑢 · 𝜑

𝜉

𝑖
{Densification/Sparsification}

28: Sample 𝜂𝑢,𝑖 ∼ Beta′ (𝑇𝑢𝑖 , 𝛽 ) {Adding variability}
29: if Bernoulli(𝜂𝑢,𝑖 ) then
30: D𝑢 ← D𝑢 ∪ { (𝑢, 𝑖 ) }
31: end if

32: end for

33: end while

34: D ← D ∪ D𝑢

35: end for

of latent features, it becomes possible to generate well-defined com-
munities and categories. This is achieved by specializing them on
the features whose prior is not set to 𝜀, an arbitrarily small constant.
This approach ensures that the generated data reflects the desired
structural properties and relationships within the latent space.
Noise injection. The User-Item Matching component represents
the degree of appreciation a user has for an item. However, real-
world navigation through a catalog of items often involves some
degree of randomness. To simulate this phenomenon, HyDRA intro-
duces noise into thematching process by incorporating a noise term,
𝜔 , into Equation 6 using a linear combination parameterized by
0 ≤ 𝛿 ≤ 1 (line 26). The value of 𝜔 is sampled (line 20) from a Beta
distribution, parametrized to guarantee mean (the hyper-parameter
𝜒) and variance 𝛽 .
User minimum frequency. HyDRA ensures that every user in𝑈
is involved in at least a minimum number of observations, denoted
as 𝜏 . Line 23 of the algorithm mandates that for each user 𝑢, the

generation of pairs (𝑢, 𝑖) with 𝑖 ∈ 𝐼 is repeated until the user’s
preference list, D𝑢 , has a size greater than or equal to 𝜏 . This
guarantees sufficient representation of each user in D.
Density manipulation. To adjust the density of the preference
matrix generated from the user-item observations (line 27), HyDRA
introduces a coefficient 𝜆 and two exponents 𝜁 and 𝜉 . Specifically,
as already mentioned, 𝜆 scales the User-Item Matching, either am-
plifying (𝜆 > 1) or diminishing (𝜆 < 1) the overall probability
of occurrence. In particular, higher values of 𝜆 increase the likeli-
hood of generating more successes in the Bernoulli trial (line 29).
The exponents 𝜁 and 𝜉 adjust the distributions of users and items,
respectively. Higher values amplify the importance of user engage-
ment and item popularity over the feature matching. By contrast,
values approaching zero result in a dominance of the bernoulli trial
governed by the feature matching.
Increased variability. A further element of randomness is intro-
duced in line 28, where, rather than directly relying on a Bernoulli
trial, the process incorporates an element of variance 𝛽 within the
sampling process.

A summary notation table for both the modeling and the result-
ing sampling process can be found in the Appendix.
Complexity Analysis. The computational complexity of HyDRA
is governed by its hierarchical generative design, the cardinality
of the user and item sets, and the nested stochastic operations.
Let |𝑈 | = 𝑛 and |𝐼 | = 𝑚 denote the number of users and items,
respectively. Let 𝑓 be the number of latent features, 𝑐 the number
of user communities, and 𝑔 the number of item categories.

Latent Factor Initialization. For each user 𝑢 ∈ 𝑈𝑠 and item 𝑖 ∈ 𝐼𝑠 ,
the algorithm performs:
• FilterPrior operation: O(𝑓 ).
• Sampling from Dirichlet distributions: O(𝑓 ).
• Sampling scalar interactions and Beta variables: O(1).

Thus, initializing all user and item latent parameters yields:

O(𝑛𝑓 ) + O(𝑚𝑓 ) = O((𝑛 +𝑚) 𝑓 ) .

Interaction Generation. The most computationally intensive com-
ponent is the dataset generation loop. For each user 𝑢 ∈ 𝑈 , the
algorithm evaluates all items 𝑖 ∈ 𝐼 until a minimum number of
interactions 𝜏 is met. In the worst case, this involves:
• Inner product 𝜌⊤𝑢 𝛼𝑖 : O(𝑓 ).
• Scalar arithmetic, exponentiation, and sampling: O(1).

The total cost, in the average case, for matching across all users is
therefore bounded by:

O(𝑛𝑚𝑓 𝜏) .
Overall Complexity. Combining the two phases, the total time

complexity of HyDRA is:

O(𝑛𝑓 +𝑚𝑓 + 𝑛𝑚𝑓 𝜏) = O(𝑛𝑚𝑓 𝜏) .

This reflects the expressiveness and flexibility of the model, en-
abling structured generation with nuanced control over sparsity,
variability, and noise.

Memory Complexity. The memory requirements are dominated
by:
• User and item latent vectors: O(𝑛𝑓 +𝑚𝑓 ).
• Generated dataset D: average case O(𝑛𝜏).
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Optimized tensor-based implementations and sparse data structures
can mitigate memory overhead while preserving efficiency.

5 Experimental Evaluation

To evaluate the effectiveness of HyDRA in generating preference
data, we address two key research questions:
RQ1. How flexible is HyDRA in generating user-item interactions?

Does it provide control on the resulting data distributions?
RQ2. Are the interactions generated by HyDRA realistic? Can

the framework replicate the properties of real benchmark
datasets?

To address RQ1, we conducted experiments to demonstrate the
flexibility of the proposed hyper-parametrization in controlling the
distributions.
Interactions among user communities and item categories.

To conduct this set of experiments, we generate a synthetic dataset
featuring two user communities and two item categories. For sim-
plicity, we divide both users and items into two equal-sized groups,
denoted as communities𝑈1 and𝑈2 and categories 𝐼1 and 𝐼2, respec-
tively. The communities and categories are correlated: users in𝑈1
primarily prefer items in category 𝐼1, while users in 𝑈2 exhibit a
preference for items in 𝐼2.

Figure 1 illustrates the impact of the 𝜀 parameter on the visibility
of communities and categories within the interaction matrix. When
𝜀 is close to 0 (Figure 1a), the matrix is dominated by two strongly
connected components. As 𝜀 increases, the matrix becomes more
dispersed, eventually reaching a state of complete homogeneity, as
seen in Figure 1b. Additionally, Figure 2 presents histograms of user
interactions within category 𝐼1 for each community, demonstrating
a transition from fully clustered to entirely overlapping interactions.
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Figure 1: Visualization of the user-item interactionmatrix by

varying the 𝜀 parameter. The X-axis reports the users, while

the Y-axis represents the items. A dot in the position (𝑢, 𝑖)

indicates the user 𝑢 interacted with item 𝑖.

Finally, Figure 3 presents the degree distributions for users and
items in a log-log scale. Specifically, it compares the distributions
of the entire dataset with those of the generated communities and
categories. Remarkably, the degree distributions of the subpopula-
tions maintain the same characteristics as those of the complete
dataset, demonstrating the effectiveness of our method in preserv-
ing the overall structure while allowing for distinct community and
category formations.
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Figure 2: Histograms of user interactions with a specific topic

of interest. The X-axis represents the percentage of items in

𝐼1 within the users history. The Y-axis shows the proportion

of users having that percentage.

Tweaking Distributions.We validate the flexibility of HyDRA by
demonstrating that the degree distribution functions as a plug-and-
play component. In Figure 4, we present the results of generation
experiments where various combinations of prior distributions
were applied. These combinations showcase the model’s flexibility
by producing a wide range of distribution shapes, emphasizing the
precise control possible in the data generation process.

We also conduct a sensitivity analysis of the weighting hyper-
parameters 𝜁 , 𝜉 , and 𝜆 to evaluate their impact on the generated
preferences and the resulting degree distributions. In this analysis,
the frequency distributions are regulated by power-law, although
similar behaviors are observed for the other priors listed in Table 2.
Figure 5 illustrates the effects of these hyperparameters. Specifically,
as 𝜁 and 𝜉 approach 0, the corresponding user engagement and
item popularity distributions exhibit a bell-shaped curve, driven by
the influence of the Beta distribution on user-item interactions. By
contrast, higher values of these parameters sharpen the distribu-
tion, producing shapes that range from power-law to more peaked
distributions. Regarding 𝜆, increasing its value scales the overall
sampling probability, thereby influencing the density of both user
and item distributions.

Additional experiments exploring the effects of 𝜁 , 𝜉 , and 𝜆 on
the degree distributions are provided in the Appendix.

To answer RQ2, we perform a final set of experiments to test the
ability of generating realistic datasets. We consider two aspects.
Comparing distributions. In this study, we utilize existing datasets
as reference benchmarks, focusing on Movielens-1M2, which per-
tains to movie ratings, Yahoo! Music3 (Yahoo-R3), which reflects
user preferences collected during normal interactions with the Ya-
hoo Music service, and Amazon Musical Instruments Reviews4,
which contains comments and ratings published by users w.r.t.
musical instruments.

The results of the data generation process are illustrated in
Figure 6. The top row shows the actual distributions from the
datasets Movielens-1M, Yahoo-R3, and Amazon, while the bottom
row presents the synthetic samples generated by HyDRA. As evi-
dent from the comparison, the generated samples closely replicate

2https://grouplens.org/datasets/movielens/1m/
3https://webscope.sandbox.yahoo.com/catalog.php?datatype=r
4https://www.kaggle.com/datasets/eswarchandt/amazon-music-reviews

https://grouplens.org/datasets/movielens/1m/
https://webscope.sandbox.yahoo.com/catalog.php?datatype=r
https://www.kaggle.com/datasets/eswarchandt/amazon-music-reviews
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Figure 3: User/item degree distributions for the partitions obtained with 𝜀 = .01. The first graph shows the global degree

distributions. Graphs 2 and 3 focus on the user communities𝑈1 and𝑈2, whereas 4 and 5 on item categories 𝐼1 and 𝐼2.
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Figure 4: Degree distributions with the following priors: (a)

Power-Law with exponential cut-off for users and items; (b)

Power-Lawwith exponential cut-off for users and Power-Law

for items; (c) Stretched Exponential for users, Power-Law for

items; (d) Log-Normal distribution for users and items.
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Figure 5: Effects of the 𝜁 , 𝜉 and 𝜆 hyper-parameters on the

distributions of the generated data.

the structural properties of the original datasets. Details regarding
the parameters for the synthetic samples generation can be found
in the Appendix.
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Figure 6: Real and Synthetic degree distributions of users and

items. The top row depicts Movielens-1M (a), Yahoo-R3 (b)

and Amazon (c), while the bottom row shows the correspond-

ing synthetic samples ((c), (d) and (e)), generated by HyDRA.

Comparing benchmarking capabilities. To evaluate the quality
of the generated data, we compared the performance of several
recommendation algorithms on both the real and synthetic datasets.
The underlying hypothesis is that if the synthetic data accurately
mirrors the structural properties of the real data, the performance
trends of recommendation algorithms should be similar across both
datasets. We tested a suite of algorithms, including ItemKNN [13],
MultiVAE [28], BPR [38], Neural Matrix Factorization (NeuMF) [18],
and a popularity-based baseline (Pop). Similar recommendation
scores and algorithm rankings across the datasets would indicate
high similarity in data distributions.

In these experiments, we produced multiple instances of the
generated data by varying the coefficient 𝛿 , to emulate noisy in-
teractions that typically can occur within real preferences. We
trained the recommendation algorithms on both real and synthetic
datasets5, and evaluated their performance in terms of Recall and
Hit-Rate. Results with cut-offs 5, 10 and 20 are shown in Figures 7,
8, and 9, respectively. Notice that, on Amazon, due to the extreme
sparsity of the dataset, we perform a pre-processing step where we
removed the users and items having degree lower than 5.

The findings indicate a strong alignment between the perfor-
mance metrics on the real and synthesized datasets, with the excep-
tion of cases where excessive noise was introduced. Most impor-
tantly, the ranking of algorithms on the synthetic data is consistent
5For training, we adopted the Recbole library [53]
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with that on the real data, demonstrating that HyDRA can effec-
tively work as a proxy for real data in benchmarking scenarios.
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Figure 7: Performance comparison on Movielens-1M, Yahoo-

R3, and Amazon, in terms of Recall@5 (left-column) and

Hit-Rate@5 (right-column). Colors represent results on the

real dataset and generated samples with varying values of 𝛿 .

6 Conclusions and Future Work

The paper has proposed HyDRA, a customizable generative proba-
bilistic framework for user-item interactions. Our main intuition
consists in modeling the generation process as a combination of
three main factors: User-Item Matching, User Engagement Level, and
Item Popularity, thus allowing control of each individual compo-
nent. We implemented the theoretical formulation by endowing the
framework with several control parameters that enable substantial
control of the data generation process, under the aforementioned
perspectives. We conducted extensive experimentation with Hy-
DRA, showing its effectiveness concerning these tasks.

The proposed framework is also amenable for further extensions.
In particular, the model can be adapted to cope with more complex
features, such as explicit ratings, or textual content associated with
preferences (e.g., reviews [36]). Additionally, the framework can
be further extended to include user-user interactions or item-item
relationships.
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Figure 8: Performance comparison on Movielens-1M, Yahoo-

R3, and Amazon, in terms of Recall@10 (left-column) and

Hit-Rate@10 (right-column). Colors represent results on the

real dataset and generated samples with varying values of 𝛿 .
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Figure 9: Performance comparison on Movielens-1M, Yahoo-

R3, and Amazon, in terms of Recall@20 (left-column) and

Hit-Rate@20 (right-column). Colors represent results on the

real dataset and generated samples with varying values of 𝛿 .
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Figure 10: User profiles generated (in a three-dimensional

feature space) through multiple prior sampling (left) as op-

posed to single prior sampling (right). Each point represents

a sample in the hierarchical sampling process. By enabling

a specific prior 𝜇
𝜌
𝑢 for each user, the resulting samples are

evenly distributed over the whole latent space. By contrast,

a single prior 𝜇𝜌 results in a concentration within specific

regions of the space.

Figure 11: User (left) and item (right, with jitter) representa-

tions within a three-dimensional feature space, according to

the proposed User-Item Matching model. Users are evenly

distributed within the latent space. By contrast, item sam-

ples tend to concentrate along specific subsets of the latent

features, representing edges/corners in the feature space.
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Figure 12: Visualization of the user-item interaction matrix

by varying the 𝜀 parameter. The X-axis reports the users,

while the Y-axis represents the items. A dot in the position

(𝑢, 𝑖) indicates the user 𝑢 interacted with item 𝑖.

A User-Item Interaction

Figures 10 and 11 show how users and items latent factors are dis-
tributed by employing the hierarchical sampling process described
in Section 3.

Figures 12 depicts the impact of the 𝜀 parameter over the user-
item interaction matrix. Specifically, as 𝜀 increases, the interaction
matrix becomes gradually denser, eventually reaching full homo-
geneity.
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Figure 13: Histograms of user interactions with a specific

topic of interest. The X-axis represents the percentage of

items in 𝐼1 within the users history. The Y-axis shows the

proportion of users having that percentage.

As a complementary analysis, Figure 13 presents the proportion
of items in 𝐼1 in the interaction history of each communities (𝑈1
and 𝑈2). We show that, when 𝜀 approaches 0, the histograms are
totally clustered; vice-versa, when it is close to 1, the interactions
overlap.

B Hyper-parameter tuning

We here report some additional experiments concerning the impact
of the weighting factors 𝜁 , 𝜉 , and 𝜆 over the generated degree
distributions, as shown in Figures 14, 15, and 16, respectively. As
we can see from the plots, fixed 𝜉 (resp. 𝜁 ) to 1, when 𝜁 (resp.,
𝜉) increases, the distributions of users (resp., items) become more
sharpened, conversely following a Normal pattern when the control
value is low, due to the Bernoullian sampling process. Regarding 𝜆,
the higher the value, the higher the minimum degree of users and
items, hence the density of the generated dataset.
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Symbol Meaning

𝑈 = {1, . . . , 𝑛} Set of users
𝐼 = {1, . . . ,𝑚} Set of items

𝑈 = {𝑈1,𝑈2, . . . ,𝑈𝑐 } and 𝐼 = {𝐼1, 𝐼2, . . . , 𝐼𝑔}, Populations of users and items that exhibit strong internal homophily
D Dataset of user-item interactions

𝑟 ∈ {0, 1} interaction occurrence (relative to (𝑢, 𝑖): if (𝑢, 𝑖) exists then 𝑟 = 1)
𝜈 Parameters governing the preferences

𝑧𝑢 = |{𝑖 : (𝑢, 𝑖) ∈ D}|, 𝜚𝑢 Engagement level and relative likelihood for user 𝑢
𝑦𝑖 = |{𝑢 : (𝑢, 𝑖) ∈ D}|, 𝜑𝑖 Popularity frequency and likelihood for item 𝑖

𝜋𝑘 , 𝑘 ∈ {1, .., 𝐾}, 𝑃𝜃𝑘 (𝑧𝑢 ) User engagement distribution and probability governed by the parameters of 𝜋
𝜓ℎ, ℎ ∈ {1, .., 𝐻 }, 𝑃𝜗ℎ (𝑦𝑖 ) Item popularity distribution and probability governed by the parameters of𝜓

𝜌𝑢 User latent factors
𝜇
𝜌
𝑢 User parameters for sampling 𝜌𝑢
𝛼𝑖 Item latent factors
𝜇𝛼
𝑖

Item parameters for sampling 𝛼𝑖
D̂ = {D, z, y, 𝜈} Estimated dataset
𝑄 (ℎ, 𝑘 |D̂,Θ) Proposal probability distribution

Table 3: Notation table.
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Figure 14: Effects of 𝜁 on the generated data distributions.
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Figure 15: Effects of 𝜉 on the generated data distributions.
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Figure 16: Effects of 𝜆 on the generated data distributions.

C Synthetic samples parameters

For the original user/item distributions, we determined that the
best fits are provided by Log-Normal/Stretched Exponential distri-
butions for Movielens, Power-Law/Log-Normal distributions for
Yahoo-R3, and Power-Law/Power-Law for Amazon. Using these
estimated parameters, we regenerated the datasets artificially:
• Movielens-1M: 𝑥𝑢 ∼ Log-Normal(𝜇 = 4.61, 𝜎 = 1.2), 𝑦𝑖 ∼
StretchedExponential(𝜆 = 0.025, 𝛽 = 0.691), 𝜁 = 1.0, 𝜉 = 1.4
and 𝜆 = 55𝑘 .
• Yahoo-R3: 𝑥𝑢 ∼ Power-Law(𝛼 = 3.8), 𝑦𝑖 ∼ Log-Normal(𝜇 =

−0.98, 𝜎 = 2.44), 𝜁 = 1.9, 𝜉 = 1.0 and 𝜆 = 650𝑘 .
• Amazon: 𝑥𝑢 ∼ Power-Law(𝛼 = 2.6), 𝑦𝑖 ∼ Power-Law(𝛼 =

1.9), 𝜁 = 1.1, 𝜉 = 0.95 and 𝜆 = 20𝑘 .
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