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Abstract

Multilayer networks (MLNs) have become a popular choice to model complex
systems. However, current MLN engineering solutions, that is, systems and meth-
ods to store, manipulate, and support the analysis of MLNs, are challenged by
the size and complexity of contemporary sources of network data. We assess the
maturity level of the MLN engineering ecosystem through an analysis of software
libraries for MLNs, focusing on supported functionality, operators and their scal-
ability. Based on this analysis, we provide an overview of the current status of the
MLN engineering landscape, compile a list of current limitations to be addressed
and propose future developments for more effective and broadly applicable MLN
engineering solutions.

Keywords: Multilayer networks, challenges, engineering, software, taxonomy,
multiplex networks

1 Introduction

Multilayer networks (MLNs) have become increasingly popular across disciplines for
representing, manipulating, and analyzing complex systems [1-4]. While special types
of MLNs have been used for a long time in social network analysis [5, 6], the range of
application areas has recently expanded, including brain [7-9], transportation [10-12],
ecological [13-15], biomedical [16-18], and online communication networks [19-21].



This breadth of application highlights the value of research focusing on the design,
building, and use of systems for MLNs — what we here call MLN engineering.

Despite this extensive range of applications, recent work has questioned whether
the current landscape of MLN engineering is mature enough to address the challenges
associated to contemporary sources of data [15, 17, 22]. One challenge is that, for com-
plex secondary data', there are multiple possible MLN modelling choices. For example,
layers can be used to model different parts of social media data depending on the
analysis task [19, 21, 23, 24]. This indicates a need for an expressive set of data manip-
ulation operators (i.e. a query language) to interactively explore possible alternative
MLNs. Manipulation operators for MLNs are also needed to support interactive visual
analysis systems [25], and can reduce the amount of ad-hoc scripting, thus decreas-
ing data preprocessing costs [26]. As another example of a challenge, to fully exploit
contemporary sources of digital data we must be able to handle increasingly larger
networks, such as MLNs representing the population of entire countries [27, 28], which
further increases computational demands.

In this paper we investigate the status of MLN engineering through an analysis of
software programs natively supporting MLNs. We first provide a taxonomy of oper-
ators to store, manipulate and analyze MLNs, to identify which functionality can be
expected in MLN systems and what is currently missing compared with more estab-
lished data engineering solutions. We then focus on scalability through an experimental
study. These analyses combined allow us to draw a picture of current limitations and
challenges in MLN engineering, establishing it as a distinct research area in need of
further research, providing an overview of the area, and proposing future develop-
ments. In addition, on a more practical level, our findings can also help researchers
and data scientists choose the MLN software that best fits their needs. For example,
we look at which data features, types of networks and operators are supported by
different software, making them more or less appropriate for different types of MLN
engineering tasks.

1.1 Other comparative studies

Despite the broad literature on MLNs, works summarizing available operators for
MLNs and comparisons of them are scarce. General overviews on MLNs [1-4] cover
topics such as model, structure, and analytics, but do not look at which operators are
practically available and usable in software. Similarly, relevant studies on specific sub-
tasks for MLNs, such as preprocessing [26], conceptual design [24] and visualization [25,
29] neither look at available operators, nor perform experimental comparisons. Here,
we note that visualization-oriented task taxonomies for MLNs have been introduced
in [25, 29]. Other studies include layer similarity [30, 31], structural analysis [32] and
community detection [33], the latter also looking at algorithm scalability. However,
these studies only focus on specific operators.

While a variety of software for MLN analysis are available online, there are few
studies comparing them. Only a subset of the libraries and operators covered in
this article are considered in [34], and the experimental comparison is limited to the

1Data originally collected for purposes other than the analysis to be performed.



processing time for visualisation tasks. An experimental comparison of database man-
agement systems for a multilayer doctor-patient network can be found in [18]. Software
implementations of multilayer networks in the context of biomedicine are discussed
in [16], although there is no comparison between the implementations. Finally, a
matching of libraries with different tasks in animal behaviour research is done in [15].
This comparison is specific to those tasks, and does not contain an experimental part.

1.2 Research design

The current landscape of MLN engineering is rich and rapidly evolving, with new
software and algorithms introduced frequently, so it is important to clearly define
the scope of this work and provide a way to evaluate which new software should be
included in future versions of this study. A consequence of performing a study based on
software (compared, for example, with a literature review, which would not highlight
what functionality is actually available in MLN systems) is that our taxonomy only
includes operators found in the selected libraries.

Furthermore, our study is not designed to draw conclusions about the effect of
specific design choices, because our list of selected MLN software consists of a variety
of programming languages, data structures and related but not identical operators.
For example, we cannot assess the suitability of specific data structures for specific
tasks without re-implementing the data structures under comparable conditions, since
execution time is the result of a combination of this and all other design choices [35].

The rest of the paper is organized as follows: In Section 2, we discuss our selection
of representative MLN software. We provide a taxonomy of common operators in
Section 3, and in Section 4, we experimentally compare the software on selected tasks.
We discuss the current limitations in MLN engineering through the findings of the
present study in Section 5, along with areas for future explorations in the field. Finally,
we conclude in Section 6.

2 Multilayer network analysis software

Given the popularity of MLNs across disciplines, the question of which software should
be included in our study is complex. First, different definitions of MLN exist, and
there are also network meta-models not called MLNs but still providing similar data
representation constructs and operators. Therefore, in Section 2.1, we provide a defi-
nition of the meta-model and terminology used in this paper, which is largely based
on the work by Kiveld et al. [1]. We also acknowledge some alternatives, which is
useful because part of our comparison can be applied or extended to related network
meta-models. Then, in Section 2.2, we provide the criteria we have used to select the
software included in this study. In Section 2.3, we list the software we used along with
a short overview of them. Finally, in Section 2.4 we list other software relevant to MLIN
analysis and why we decided not to include them. Overall, we give enough details for
any practitioner or researcher on MLNs interested in reproducing or extending our
experiment with, for instance, new software or criteria we have not considered.
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Region A Region B
Fig. 1: Example of an MLN representing a public transportation network in
two regions. The nodes represent stations, and an edge between two nodes
represents a route between them. Following Def. 1, this network has two
dimensions L; = {RegionA,RegionB} and L, = {Train,Bus}, represent-
ing the regions and transport methods respectively, and four layers: L =
{(RegionA, Train), (RegionA, Bus), (RegionB, Train), (RegionB, Bus)}. The six ver-
tices in this network, V = {S1,S52,S3,54, 55,56}, do not all participate in all layers.
Notice the coupling edges (in dotted lines) which can be used to signify that the same
vertex (station) is present in both layers (transportation media).

2.1 Multilayer networks

The following is a summarised version of the definition of an MLN by Kivel4 et al. [1],
that we use as a reference throughout the paper:

Definition 1 (Multilayer network) Let Li,...,Lg be sets of elementary layers
called aspects. A multilayer network (MLN) is a quadruplet M = (Var, Epr, V, L),
where V' is a set of vertices, L= L1 X -+- X Lq, Vay CV X L and Ep; € Vi X V.

Remaining consistent with the original model, a layer is simply an element of L.
We refer to elements of Vs as nodes — not to be confused with wvertices, the elements
of V. See Figure 1 for an example of such a network.

Special types of MLNs have been used for a long time in social network anal-
ysis, including networks with multiple edges between a common set of actors
(multi-relational), with multi-valued edges (multiplex), with different types of nodes
(two-mode, multi-mode), and with nodes representing both individuals and groups or
organisations (multi-level) [36].

In addition, meta-models resembling the above definition have been previously
studied by the data engineering community. A popular example is the heterogeneous



information network [37, 38], which is a special case of attributed MLN. Other sim-
ilar models include the multidimensional graph online analytical processing (OLAP)
cubes [39] and the recently proposed multilayer graphs, an extension for property
graphs that can be used to model complex layered relationships [40]. While we do not
expand on the aforementioned models in this study, all of the previous are based on
complex graph types covered by the MLN definition found in [1].

2.2 Criteria for inclusion

Software included in this study fulfill the following criteria about their support of

MLNSs:

C1 Explicit support: the documentation has to explicitly mention the support for
MLN and the concept of layer.

C2 Native support: an MLN-native object should be supported, that is, the
software should expose an MLN data-structure through its API.

C3 General-purpose: a broad set of functions allowing different types of processing,
not designed for a specific application or domain has to be provided.

C4 API-based: a documented API allowing execution from external code/scripts
has to be provided.

C5 Publicly available: the source code is available and downloadable under an open
source license from a website or a public repository.

C6 Actively maintained: the last release or update has to be within the last year
at the time of our experiment (Autumn 2023).

Our criteria reflect desired software component functionality characteristics:
suitability (providing an appropriate set of functions for MLN tasks, C1-C3), interop-
erability (able to interact with other systems, C4-C5), and accuracy (providing correct
results, C6) [41]. Other studies have also considered criteria for software popularity,
for example by means of the number of downloads [42]. However, we decided not to
use it, as the relevant statistics are often not available.

2.3 Software included

Below, we provide information about the libraries featured in this study. A summary
can be found in Table 1.

MultilayerGraphs.jl [43] (hereinafter MLG.jl) is a package for the Julia pro-
gramming language, extending Julia’s graph analysis package with MLN capabilities.
It offers functions for manipulation and analysis of multiple types of MLNs. The MLN
representation is based on graph objects from the Graphs.jl library.

Multinet [44] is a C++ library, also available in Python and R?. It provides
features for manipulating, visualizing and mining MLNs, along with methods for com-
munity detection and evaluation, plus layer transformation and comparison. It uses
a cube-based MLN representation inspired by the data warehouse multi-dimensional
model.

MuxViz [45] is an R library for MLN analysis. It represents MLNs using
supra-adjacency matrices. MuxViz supports manipulation and visualization of MLNs,

2We use the R version of the library in our experiments.



Table 1: Summary of included MLN software

Library | Version | Prog. language MLN implementation Licence Ref.
MLG.jl 1.1.4 Julia Graph objects (Graphs.jl) MIT [43]
Multinet 4.1.2 R ML-cube objects Apache 2.0 [44]
MuxViz 3.1 R Supra-adjacency matrix GPL 3.0 [45]
Pymnet 0.1 Python Supra-adjacency lists GPL 3.0 [46]
Py3plex 0.95a Python Graph objects (NetworkX) | BSD 3-clause | [34]

centrality and structural reducibility analysis, discovery of meso-structures such as
communities, components and motifs, as well as analytics for dynamical processes.

Pymnet [46] is a Python MLN analysis library. It uses a supra-adjacency list rep-
resentation for MLNs to address scaling needs for larger graphs. It provides functions
for manipulating and visualizing MLNs, computing multiple variants of MLN-specific
clustering coefficient metrics, as well as testing for auto- and iso-morphisms.

Py3plex [34] is a Python library offering algorithms for manipulating, analysing
and visualizing MLNs, as well as node classification and network embedding methods.
It uses lists of NetworkX graph objects to represent MLNs.

2.4 Other relevant software

We do not consider software without explicit support for MLNs (i.e. no support
for layers), such as the graph analysis libraries graph-tool [47] and Gephi [48] and
libraries where transformation of an MLN to another data structure is required, such
as Tulip [49], netmem [50], DeepGraph [51] and MultiAspectGraphs [52].

We also exclude software only providing limited support for general MLNSs, e.g.
mully [53], EMLN [54], Raphtory [55], HuMMuS [56], POPNET [57]. This also
includes implementations of single algorithms for MLN analysis provided as com-
plementary material for papers, and software programs without a documented and
callable interface-API, such as [58-70]. While such software can be used in applied
studies, they are typically not designed to provide the additional functionality that
can be expected in a full-fledged MLN analysis library; namely, an API exposing func-
tions for input and output, manipulation and analysis of the network. Without an
API, it is also difficult to experimentally test the software.

Finally, we exclude software for MLNs where the source code is not publicly avail-
able or not actively maintained. Examples include multinetX [71], Detangler [72],
Orion [73] and VERTIGo [74].

3 Models and operators

While the literature often refers to the mathematical definition of MLN by Kivela et
al. [1], when we look at MLNs from an engineering perspective we have to ask whether
(1) a system uses the same variation of the mathematical definition, and (2) how the
definition adopted by the system is implemented. This is a common way of looking at
data management systems: for example, while relations (as mathematical objects) in
the relational model are often defined as sets, relational database systems are typically



Table 2: Supported MLN features in
included software

Feature

layers

interlayer edges
aspects

directed edges
weights

generic attributes
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based on bags, and depending on the system a relation can be implemented by row or
by column, with this choice impacting the efficiency of different operations.

In this section we first focus on variations of the MLN meta-model used in the
included software, both with respect to the supported features (Section 3.1), and their
implementations (Section 3.2). Then we look at the operators defined on these MLN
models, providing a taxonomy in Section 3.3.

3.1 MLN models

In Table 2, we indicate which features of the MLN meta-model are supported by the
selected software, as exposed by their API and documentation. In general, we can
see that the selected software supports the most distinguishing features of the MLN
meta-model: the concept of layer and the existence of edges connecting nodes between
different layers (interlayer edges).

However, some features are only supported by some of the libraries. First, most
libraries only support one aspect. Indeed, this is sufficient to represent the most com-
mon types of MLNSs, in particular multiplex networks, where each layer corresponds to
a specific type of edge, and multipartite and multilevel networks, where each layer cor-
responds to a type of vertex. At the same time, a feature of MLNs is that they do not
only generalise common network models, but can also combine them into more complex
ones, for example allowing the definition of longitudinal multiplex networks [75, 76].
Without multiple aspects, the representation capabilities of MLNs are limited.

Second, attributes on nodes, edges and layers are not always supported. It should be
noted that attributes are not part of the most commonly cited definition of MLNs [1].
This is not surprising, considering attributes can be handled outside the library if
vertex, node, and edge identifiers are accessible and stable. At the same time, attributes
are not only important to represent complex contemporary data (e.g. text in social
media networks, or income in population-scale networks extracted from statistical
registers). Once attributes are part of the model, it also becomes possible to define
manipulation operators that transform attribute values [77], for example transforming
a temporal attribute into layers representing time intervals.

It should also be noted that the ability to represent features of the MLN meta-
model does not imply that these features are supported by the operators. For example,
weights can be represented by all libraries, but are typically meaningful only if weighted



versions of the analysis algorithms are also provided, e.g. weighted clustering and
shortest path algorithms. Similarly, the fact that interlayer edges can be specified
in a library is not particularly useful if there are no (or few) operators that can
process them. Finally, directionality is in general supported for simple operators (such
as finding out-neighbors, or computing out-degree), but only partially supported by
more sophisticated algorithms, e.g. for community detection where only one of the
considered algorithms supports this feature.

3.2 MLN implementations

We observe three main approaches to implement the MLN meta-model, as summarised
in Table 1. One approach extends two common representations used for simple graphs:
adjacency matrices and adjacency lists. Supra-adjacency matrices, used by MuxViz,
extend the concept of an adjacency matrix for MLNs. In a supra-adjacency matrix,
each row and column represents a node (an element of V), and each value in the
matrix represents the weight of an edge between two nodes. We note that it is not
trivial to add and remove nodes from a supra-adjacency matrix, so this implementation
is better suited to support analysis than data manipulation. Supra-adjacency lists,
used in Pymnet, extend the adjacency list format for MLNs. This is implemented as
a dictionary, where each node of M is a key, and its value is a dictionary containing
information about its adjacent edges in E;. It is designed with large networks in mind.

A second type of MLN implementation re-uses graph objects provided by popular
network analysis libraries. This is the case for Py3plex, representing the various layers
as NetworkX objects. Similarly, MLG.jl uses the native graph object of the Graphs.jl
library to represent layers. Systems adopting this strategy have to then represent the
mapping between nodes in different layers, and inter-layer edges.

As a third option, Multinet implements a custom data structure inspired by the
multidimensional model used in data warehouses (data cube). A multilayer vertex cube
organises its vertices into a number of dimensions (or aspects, using the terminology
of [1]), and each cell of the cube corresponds to a layer. Similarly, a multilayer edge cube
connects two vertex cubes, and its edges can themselves be organised into multiple
dimensions. However, currently this library only allows to use one dimension in its R
and Python APIs.

3.3 MLN operators

The MLN operators provided by the selected libraries are summarized in Table 3,
where we have organised them into categories and sub-categories. Defining a taxonomy
of MLN operators has several potential benefits: from practical guides for developers
to identify missing areas in specific software, to standardisation. In particular, having
common operators allows code re-use and enables the definition of benchmarks.

For brevity and clarity, a single row in the table may indicate multiple vari-
ants of operators with a similar function, e.g. different operators computing different
global clustering coefficient metrics. We only list MLN variants of operators explicitly
implemented in the library and found in the library’s API documentation.



Table 3: Summary of available operators in MLN software

MLG.jl

Operator

read network from file
write network to file
layer-by-layer generators
multilayer model generators
add/remove layer
add/remove attribute
add/remove node
add/remove edge

set/get attribute values
layer aggregation

layer projection

layer selection/subgraph
(excl.) neighbours
path/distance

components
triangles/motifs
isomorphisms

node degree v
node centrality v
layer similarity /entanglement
network density

network reducibility

network entropy

network modularity

local clustering coefficient
global clust. coeff./transitivity v
clustering/community detection
community evaluation metrics
node classification

network embedding

get supratransition matrix

get coverage evolution
layer-by-layer layout v
circular/disc layout v
force-directed layout v
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tion for MLNs.
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The focus of this paper is on MLNs, so Table 3 only lists operators taking a whole
MLN as input, or producing MLNs as output. Some of the selected libraries also
include operators to independently analyse single layers, or provide functions to access
the individual layers (or combinations of layers) using general graph libraries such as
igraph or NetworkX. These operators are not reviewed here.



Obtaining and storing MLN data

The Input/Output (I/0) category includes functions to read and save an MLN from
and to a file. It is interesting to see that not all libraries provide output functions,
indicating that their typical usage does not involve the generation of new MLNs from
existing ones: even if new networks are temporarily created, their creation is intended
as a step of the analysis process, and not as a self-contained task generating new data.

We also note that for the libraries providing read or write functions, there is no
unique file format. This is a limitation that also affected early graph processing sys-
tems, which was partly addressed through the definition of GraphML [78]. Generally,
the libraries support the multilayer edgelist input format, which however offers limited
support for node, edge, and layer metadata. It should be also noted that the libraries
use slightly different variants of the edgelist. Namely, Py3plex and MuxViz expect text
files with layer and node labels to complement the edgelist, while Multinet’s format
can also include header and attribute data. Also, while GraphML is used by Pymnet
and Multinet as possible formats for input and output respectively, GraphML only
allows to save attributed graphs where the attributes are implicitly used to represent
the layers.

MLN data can also be obtained using synthetic network generators (see cate-
gory Network generation (Gen)), which is common practice for monoplex networks
(i.e. single-layer graphs) using a variety of models such as Erd8s-Rényi’s random
graphs, Barabdsi-Albert’s preferential attachment, Watts-Strogatz’s small world etc.
The availability of generators suffers from the additional complexity of MLNs, where
one has to control both structural features of individual layers (e.g. the degree dis-
tribution on each layer) and across layers (e.g. the proportion of common edges or
the correlation of node degrees) [79, 80]. While almost all libraries allow to generate
a MLN by randomly generating layers one-by-one, there is limited support and no
common way to generate a MLN with structurally dependent layers.

The Data definition (Def) category includes operators to define data structures,
such as creating aspects and layers. The capability to create the supported data struc-
tures is, of course, internally available, as it is used for example when an MLN is read
from a file. Table 3 only shows which of these data definition capabilities are also
exposed through the API, i.e. which ones can be interactively executed by the users
of the library.

Comparing this category with the functionality available for other types of data,
for example in the relational data meta-model, we note the absence of operators to
define efficient data access structures (e.g. indexes) and to impose constraints. The
lack of control over constraints is particularly notable. Each special type of MLN is
characterised by some data objects that are not allowed; for example, a multiplex
network does not allow interlayer edges, and a bipartite network represented as a two-
layer MLLN does not allow node overlapping. However, there is no direct way to enforce
these or other constraints in the examined libraries, and one has to trust that the data
satisfies them.
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Data manipulation

The next three sub-categories in Table 3 refer to basic capabilities typically required
by a data manipulation language. Basic Manipulation includes operators to update
individual elements, e.g. to add a node or an edge to a layer. Layer Manipulation
includes operators transforming a layer based on its topology. Examples include layer
aggregation, projection, and filtering (for example through selecting a subset of nodes
from one or more layers). Retrieval lists operators where the objective is to find sub-
graphs over multiple layers. Examples include finding a node’s neighbourhood, whose
result depends on the considered layers, paths between nodes which can cross multiple
layers, etc.

It is interesting to see how the support for the operators that would provide the
building blocks for a data manipulation language is sparse, in some cases even missing
explicit API functions for basic operations such as adding a node. Notice that the
table indicates operators provided by the API: the absence of an operator does not
mean that the operation cannot be performed. For example, a node can be added to
a network without an API function to add a node, either by adding it to the input
file or by directly modifying the underlying data structure storing the MLN, e.g. by
adding columns and rows to the supra-adjacency matrix. However, this suggests that
the library is not designed to perform these manipulations.

It is also worth noticing how layer manipulation is only defined based on the layers’
structure. There is currently no function to manipulate layers based on edge or node
attributes, which points once again at a general limited support for attributes [25, 29].
Even when we only focus on structure, we notice how the layer projection operator,
providing a basic and common way to process interlayer edges, is only offered by one
of the examined libraries.

The Retrieval category also suffers from the additional complexity of MLNs if com-
pared with simple networks. Even simple patterns, such as triangles, may correspond
to multiple different structures in MLNs where nodes and edges can appear in the
same or different layers, leading to a larger number of possible patterns to look for
and questions about what different versions of the same pattern mean when found in
an MLN.

Data analysis

From the previous discussion, it is clear how the selected libraries are more focused
on analysis than data storage and manipulation, although such capabilities are also
provided. In fact, a variety of operators to study the structure and dynamics of MLNs
are available. Under the category Structural measures we list operators quantifying
different properties of MLNs, such as the number of neighbours of a vertex across
a set of layers, or the proportion of common edges inside two or more layers. As
for other categories, there is limited overlapping of operators, with MLN versions of
functions that are very common for simple networks, such as modularity or clustering
coefficients, only supported by some of the libraries.

We can also see some support for machine learning operators, in particular unsu-
pervised and supervised learning (clustering and classification) and representation
learning (embedding). Clustering is the only learning task currently supported by
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multiple libraries, but only two provide more than one method from the many that
exist [33].

Capabilities for visual analysis are limited in all cases: while almost all libraries
provide ways to visualise the MLN, there is no operator to interact with the visual
representation, so that most visual analysis tasks are not currently supported [25, 29].

4 Scalability

From a data engineering perspective, benchmarks are fundamental tools to improve
system performance, for example to compare alternative solutions for the same prob-
lem and identify bottlenecks to optimize. However, we are not aware of existing
systematic and comparative evaluations of MLN systems. In fact, Section 3 suggests
that it is currently challenging to perform a fair experimental comparison of the
selected software. First, there is limited overlap of operators. Second, even when two
libraries are marked as providing the same type of operator in Table 3, specific defini-
tions can vary between software. For example, while all libraries can generate MLNs,
the way in which relations between different layers are enforced (e.g. controlling the
amount of edge overlap, or the correlation of degree centrality) can be very different,
if present at all [30].

As a first step towards a benchmark for MLNs, we set up three basic manipulation
tasks that we can test on most of the systems considered in this study: loading an MLN,
interactively updating it, and aggregating layers. While these tasks are relevant for
many MLN studies, execution times are seldomly reported, leaving an open question
about the size of MLNs that we are currently able to handle using specialised software.

How long does it take to load an MLN from file, and how large are the networks
that can be loaded? A direct comparison of loading times cannot be used alone to
draw conclusions about the ability to process large networks, because different data
structures are used inside different libraries, and a longer reading time may be caused
by the creation of indexing functions that would later speed up other operators. How-
ever, this analysis may identify different time complexities (e.g. linear vs super-linear),
very large differences in loading time (which can then be matched to execution times
for other operators to assess whether loading time is correlated to other execution
times), and upper bounds in the size of MLNs that can be currently processed using
a personal computer.

How fast can a network be updated? While the literature on MLNs is mostly
focused on analysis, the ability to efficiently update a network is useful in many
contexts. For example, we update network data while generating it, we may update
network data when simulating dynamic processes, and we update networks (or net-
work views) while interactively exploring them (e.g. filtering layers and nodes to zoom
into a subset of the data).

How scalable is the aggregation of layers? Aggregating (also known as flattening
or merging) layers, that is, creating a single layer by combining edges from multiple
layers, is a fundamental manipulation function for MLNs where the initial set of layers
does not correspond to the one needed for exploration or analysis.
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Table 4: Summary of MLN data used

Data #Layers | #Vertices #Edges Ref.
synthetic 2-10000 1000-10M ~ 32000-316M -

| cscaarhus | 5 | 61 | 620 ~ | [B1] |
london-transport 3 369 503 [82]
euair-transport 37 450 3588 [10]
friendfeed-twitter 2 155804 13.65M [83]
friendfeed 3 510896 20.33M [84]

In Section 4.1 we present the datasets used in the experiments. Section 4.2 lists
the experiment settings and assumptions. In Section 4.3 we provide the results of the
experiments.

4.1 Datasets

We evaluate the performance of the aforementioned operators for previously stud-
ied MLN datasets. Table 4 presents a summary of all datasets used. Specifically, we
select five real networks representing: (a) employees at a computer science department
at a university in Denmark [81] (cs-aarhus), (b) the transportation system in Lon-
don [82] (london-transport), (¢) European airline flight routes [10] (euair-transport),
(d) interactions between users on both the FriendFeed and Twitter platforms [83]
(friendfeed-twitter) and, (e) interactions between FriendFeed-only users [84] (friend-
feed). These are selected in order to evaluate performance and scalability for a variety
of network sizes.

We also construct synthetic networks of various sizes to assess the operators in more
details. We generate random node-aligned, single aspect Erdos-Rényi MLNs. We con-
vert the generated networks to all libraries’ native input file formats where necessary.
To test for various parameters that might affect scalability (that is, the computation
time of the operators for increasing network size), we construct sets of synthetic data
with increasing number of vertices and layers. To also assess performance with respect
to the network density increasing, we generate two sets of synthetic networks, where
the average node degree increases with the number of nodes in the network. Specifi-
cally, we generate networks for the following settings, where (k) denotes the average
node degree:

(a) |V] € [1000,10M], |L| =2, (k) ~ 4

(b) |V] € [1000,100K], [L| = 2, (k) ~ /[Va|
(c) [V| = 1000, |L| € [5,10000], (k) ~ 4
(d) |V| = 1000, [L| € [5,10000], (k) ~ /[V]

4.2 Settings

To assess the performance of tasks such as layer aggregation, a network needs to
already be present into memory. Therefore, we have to first load a network in memory
before evaluating the manipulation operator. Since the featured software supports
various MLN input formats, we need to convert all datasets to the file format accepted
by the software. In order to maintain consistency, we always assume that the network
is undirected and contains no other attributes or metadata. If the software does not
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Table 5: Network loading operator performance

Dataset multinet | MuxViz Pymnet Py3plex
cs-aarhus 0.0 (0.0) 1.1 (0.3) 0.0 (0.0) 0.0 (0.0)
london-transport 0.0 (0.0) 0.7 (0.1) 0.0 (0.0) 0.0 (0.0)
euair-transport 0.0 (0.0) 0.7 (0.1) 0.0 (0.0) 2.2 (0.1)
friendfeed-twitter | 418.7 (5.1) | 30.7 (1.0) 390.1 (21.6) | 106.8 (4.0)
friendfeed - () | 521 (1.3) | 1044.2 (48.5) | 175.6 (2.3)

Rounded values in seconds. We report the average performance
and standard deviation (in parentheses) over four runs. A dash
indicates that the task did not complete within the timeout.

include a network loading operator, as is the case for MLG.jl, we do not consider the
rest of its operator runtimes in the comparison. We measure the execution time of each
operator individually to ensure that the performance is not affected by any additional
calculations or caching by the library.

Finally, we conduct the experiments on a desktop-like environment, which we con-
sider to be the most typical processing environment for MLNs. Specifically, we use
a virtual machine running Ubuntu 22.04, with 8 cores @2.1 GHz and 32GB RAM.
We halt the execution with a timeout of 30 minutes. If a network cannot be loaded
within the time allotted to each experiment, the following task is also considered to
have timed out. These cases indicate that the scalability of the software is an issue,
and more computational resources would be needed.

All experiments are repeated four times, and we provide average execution times
and standard deviations.

4.3 Results

In this section we report the execution times for our three experiments. Note that
where runtime information is not provided for a library, the task has not terminated
successfully. This signifies that either the timeout per task (30 minutes) had been
reached, or that the process was killed due to a memory overflow.

Network loading from file

As we can observe from Table 5, both large social network datasets friendfeed-twitter
and friendfeed become increasingly difficult for the libraries to process within a reason-
able time; Multinet is not able to process the friendfeed network before the timeout,
probably due to the additional indexing needed for its data structure. We also note the
stark performance differences between smaller and larger networks in Table 5; this is
directly related to the size of the network. This trend is confirmed when loading large
synthetic data. In Figure 2, we can see most software time out for networks where
|[V| > 2M; the exception is MuxViz, which is able to process a two-layer network with
a size up to |V| = 5M, but faces memory issues for the largest synthetic dataset.
While adjacency matrix representations perform better for this task, they do not
scale well in memory as the network size increases in nodes. However, none of the
other parameters examined (i.e. increasing network density, number of layers) directly
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Fig. 2: Network loading time for synthetic data: (a) increasing number of vertices,
|IL| = 2, (k) ~ 4 (top left), (b) increasing number of vertices, |L| = 2, (k) =~ /|Vas|
(bottom left), (c) increasing number of layers, |V| = 1000, (k) ~ 4 (top right), and
(d) increasing number of layers, |V| = 1000, (k) ~ /|V| (bottom right). The error
bars in black indicate standard deviation over four runs.

affects scalability; the only notable exception is the performance of Py3plex for a
large number of layers, as we can observe both in Figure 2 and Table 5 for the euair-
transport network. This can be related to the design choice of representing individual
layers as separate networks.

Network interactive update

In Figure 3 we note performance differences between the software when interactively
updating the network, sometimes in orders of magnitude. This difference is particularly
apparent in software for different programming languages: we note the sharp differ-
ences in performance between Python (Pymnet, Py3plex) and R (Multinet, MuxViz)
software. However, we note that all software follows a similar exponential curve when
adding and removing edges to the network. This suggests that the observed perfor-
mance differences can be attributed to software design choices other than the data
structure.
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Table 6: Layer aggregation operator performance

Dataset multinet | MuxViz Pymnet Py3plex
cs-aarhus 0.0 (0.0) 0.2 (0.2) 0.0 (0.0) 0.0 (0.0)
london-transport 0.0 (0.0) 0.1 (0.0) 0.0 (0.0) 0.0 (0.0)
euair-transport 0.0 (0.0) | 0.1 (0.0) 0.0 (0.0) | 0.2 (0.0)
friendfeed-twitter -(-) | 31.5(1.6) | 309.8 (15.4) 96.0 (1.2)
friendfeed - () | 47.6 (0.8) | 559.2 (14.4) | 168.4 (1.1)

Rounded values in seconds. We report the average performance
and standard deviation (in parentheses) over four runs. A dash
indicates that the task did not complete within the timeout.

Layer aggregation

Similarly to the network loading operator, in Figure 4 we can observe that the number
of edges increasing heavily affects the performance of the different implementations for
the layer aggregation task. This trend is also particularly visible in Table 6, as Multinet
is not able to load and aggregate the large social networks within the timeout, despite
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Fig. 4: Layer aggregation time in seconds for synthetic data: (a) increasing number of
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VIVar| (bottom left), (c) increasing number of layers, |V| = 1000, (k) ~ 4 (top right),
and (d) increasing number of layers, |V| = 1000, (k) =~ /|Vas| (bottom right). The
error bars in black indicate standard deviation over four runs.

being able to process synthetic networks with a greater amount of nodes. We can
also observe that adjacency matrix-based MLN representations (MuxViz) appear to
perform better, sometimes faster by an order of magnitude, except when aggregating a
large number of layers. Finally, for networks of smaller sizes, we note that the difference
in execution times between the tested libraries is minimal.

5 Discussion

Based on the previous two sections, we can now summarize the status of MLN engineer-
ing as seen through current MLN software. We do this by first providing an overview
of the area, organised along four main points, in Section 5.1. Building on this overview
and on the limitations we identify in the area, in Section 5.2 we discuss possible future
directions.
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5.1 MLN engineering: an overview

Interoperability

As previously discussed, not all features of the MLN model are universally supported
within the software covered. The algorithmic support for features such as interlayer
edges and multiple aspects varies, and the same applies to vertex, node and edge
attributes. This effectively limits the development and implementation of metadata-
enriched methods, e.g. for layer manipulation or community detection. In conjunction
with a low coverage for layer manipulation operators, all of the previous restrict our
ability to visually explore alternative MLNs interactively [25].

We also note the lack of a common file input/output format for MLNs. While
there is general support for the multilayer edgelist as input, the format offers limited
support for node metadata.

There is also a limited overlap of operators between the selected software. Looking
at our taxonomy in Section 3, we observe that most of the software implement a few
common operators (e.g. reading, generating, aggregating and visualizing networks)
along with structural measures like node degree and centrality. However, each library
typically specializes in different types of operators. For example, MuxViz contains
operators for dynamics and various network metrics, Pymnet implements operators
for isomorphisms and multiple MLN variants for clustering coefficients, while Multinet
provides more options for layer comparison and clustering.

Overall, there is little interoperability between MLN software programs, which
can cause practical problems for researchers using MLNs, as they need to become
familiar with the specific software representation to reach their expected research
objective [17, 22]. This can be compared both with relational database systems, where
anyone familiar with the relational model can easily switch from one system to the
other when it comes to using their core functionality, and also with graph analy-
sis systems, where switching, for example, from NetworkX to igraph, only involves
some syntactic differences when we focus on core graph operators (generators, basic
centrality measures, etc.).

Data definition and manipulation

Our taxonomy is also useful when looking at what operators are missing. There is no
consensus on what should be considered a basic (or necessary) operator to manipulate
MLNs, and there is a lack of such operators. As a consequence, it is not possible
to express complex portable queries, e.g. generating different views and aggregations
from the same initial dataset and sharing the definition of the manipulation process
instead of the resulting data.

At the same time, there is no support for constraints to control the validity of the
data, nor indices, to control the balance between time and space efficiency. This also
makes it difficult to formulate complex queries.

Large networks

As we can observe from the scalability tests in the experimental study, there are general
issues handling very large networks. Not surprisingly, network size and density affect
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the performance of the tested operators. With the number of vertices in the network
increasing, even with low average degrees no software is able to load the network
within the timeout. Often, the processes are killed due to not enough memory being
available. Considering modern data sources can be very large in size (e.g. population
networks [27, 28], containing tens of millions of nodes), this further points towards the
need for a discussion about the performance of different data structures for MLNs.

In addition, the experiments suggest that none of the featured implementations
can consistently outperform the rest, as all have their own advantages and disadvan-
tages. An adjacency matrix representation, for example, performs better for operators
like layer aggregation, and edges can be quickly added and removed, while adding and
removing nodes or layers might require recreating the object, as the matrix structure
becomes different. Adjacency list-based data structures are able to handle large net-
works, but they appear to be less efficient for layer aggregation. On the other hand,
using native graph objects from other libraries to represent layers can often be effi-
cient, but it does not necessarily scale well as the number of layers increases, nor does
it efficiently support layer transformation capabilities. The choice of data structure
affects which operators can be more or less easily implemented in the first place, and
their efficiency.

Benchmarks

A major consequence of the previous issues is a difficulty designing systematic exper-
imental comparisons, including the one presented in this work. First, the lack of a
common standard makes it hard to decide what should be deemed a necessary oper-
ator when designing an MLN system. Second, it is equally difficult to establish a fair
baseline for comparison of the various operators, also considering the variety in data
structure choices. As a result, this slows down the process of identifying operators in
need of optimization.

If we look at research areas focused on the development of data management
and analysis pipelines, the above considerations have been critical. Looking at the
relational database meta-model, we have a clear understanding of what operators can
be applied to the data, and also practical knowledge of how different operators behave
based on their implementations (e.g. data structures) and data distributions, through
well-established benchmarks.

5.2 Future explorations

The overview of MLN engineering presented in the previous section suggests that the
field is ready for the development effective data manipulation and analysis systems.
Several MLN systems exist, and when considered together they do provide a lot of
the required functionality. However, looking at typical criteria used when selecting
software components, like interoperability [41], the field clearly requires additional
efforts. Similarly, there are little considerations for other important characteristics,
such as the security and functionality compliance of the software. These could be
critical, for example, when analyzing MLNs from registry or personal data. Considering
the usefulness and increasing popularity of MLNs in analyzing complex data, future
steps in the field should aim to address these challenges.

19



Our overview highlights a critical area of exploration: addressing data management
needs for MLN software. Considering the challenges when processing large MLNs,
a potential solution includes designing a database management system-based model
to store and manipulate MLN data. Such a model should then be integrated into
MLN analysis software for testing. Implementing data management models inspired
by well-established ones, such as those used in relational and graph databases, into
MLN systems, can also help alleviate potential security and functionality compliance
concerns.

Also relevant is the definition of a set of essential operators (i.e. a query language),
complemented with a clear definition of operator behaviour. Such a set of operators
would allow for improved interoperability between software, easier formulation of com-
plex queries and definition of constraints for MLNs. Given a set of basic operators,
we can then consider a common basis for experimental comparisons of software, data
structures and novel operator extensions. A set of operators alone does not make the
task of comparing software trivial, as it is not easy to define a single comparative indi-
cator without considering other design choices in the software. However, this process
will simplify the identification of operators and queries that can be optimized. In sum-
mary, such a language would address several of the limitations we highlighted in the
previous section.

MLN engineering as a field will still benefit from new theoretical developments.
Examples of areas where we foresee new developments include computationally expen-
sive analytical tasks like community detection and classification, where modern
approaches used in machine learning (such as graph neural networks and embeddings)
have started appearing in the MLN literature but are still not as developed and espe-
cially accessible as in other areas. A related challenge is also defining methods for
MLNs considering attributes, for example aggregating or slicing layers based on the
values of a node attribute. At the same time, this study suggests how theoretical
developments have so far lacked corresponding efforts to engineer them into usable
systems.

6 Conclusion

With the popularity of MLNs for storage, manipulation and analysis of complex sys-
tems, it is imperative to question whether the MLN engineering landscape is mature
enough to handle challenges posed by modern data sources. In this paper, we delve
into these questions by looking at currently available MLN analysis software. We pro-
vide a taxonomy of MLN manipulation and analysis operators featured in the software
included in this study, and experimentally study common operators. Based on these
analyses, we then discuss the current status and limitations of MLN engineering as a
distinct research area.

We find that the current MLN engineering ecosystem consists of multiple software
implementations with limited interoperability between them. For example, there is a
relatively small number of common operators within the featured software, along with
a variety of underlying implementations, and a limited support for vertex, node and
edge metadata. This lack of a common baseline creates practical problems not only

20



for researchers using MLNs, but also when designing benchmark studies. We also note
the issues software currently faces when processing large MLNSs.

Considering the popularity of MLNs, future work in the MLN engineering field
should aim to address these limitations, in order to improve usability of MLN systems.
A major future direction includes the design of systems capable of efficiently process-
ing large MLN data. This can potentially be achieved via integrating relational- or
graph-database management systems into MLN analysis software, in order to be able
to process large networks. As our experimental study focuses primarily on the manipu-
lation operators, it can potentially be extended to compare the scalability of relational
and graph database management-based models for MLNs. Other major future direc-
tions include the definition of a query language for MLNs, the design of larger-scale
benchmarks including more datasets and operators, also on settings with more compu-
tational resources. In turn, this can help highlighting potential areas for optimization.
Finally, another promising direction is the theoretical definition and testing of novel
methods for computationally expensive MLN tasks, such as community detection or
layer manipulation.
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