PhD Project
Null models of complex networks
to include temporal and higher order constraints

supervision: Mehdi Naima and Lionel Tabourier

contact: mehdi.naima@lip6.fr, lionel.tabourier@lip6.fr

1 Introduction

In complex network analysis a Null Model (or neutral model) is a random graph that matches one
specific graph in some of its features, or more generally satisfies a collection of constraints, but
which is otherwise an unbiased random structure. Seminal works on this topic include null models
preserving the number of nodes and edges, known as Erdds-Rényi graphs [BB98], preserving the
degree distribution [Bol80, BD11, FLNU18]|, or more complex graph features [VKBK21, TK24].

The development of null models have proven essential in many domains since they serve as
baselines for assessing goodness of fit, facilitate data analysis and allow the construction of families
of graphs of interest [MIK*04, BLMT06]. They have been used in seminal works for commu-
nity detection in network science [NG04], brain networks in neurosciences [VM22], in food-web
relationships and protein-protein interactions [HRPOS] in biology, and in social network analy-
sis [Was94, JGNO1].

This project aims to advance the field of complex network analysis by developing and general-
izing random graph models taking into consideration not only standard graphs but also extensions
to temporal graphs and higher-order graphs.

Figure 1: Real structure of the food web for the Chesapeake bay ecosystem (left) vs. a realization
of a null model preserving its degree sequence (right). Extracted from [BD11].

2 Objectives

In this PhD project, there are two main methodological aspects to investigate. The first one
concerns mining patterns in the data that allow to characterise their structure and
dynamics. Indeed, while there is a rich toolbox to identify relevant structural features on graphs,
there is still a need to develop their equivalent to characterise synthetically the properties of
interaction data through time and higher order interactions (interactions involving more than



two entities). Our team acquired an expertise in the design and development of tools to analyse
temporal data from real-world interaction networks [LVM18, BTM23, Nai23, SNS25a]. We plan
to use this knowledge for the identification and measurement of the features which are specific to
the data collected.

The second aspect concerns generation processes. Some simple graph models were proposed
around 25 years ago to help describe some coarse-grain properties observed in real world, such
as the heavy-tailed degree distribution or high clustering, but they proved limited when trying to
account for more elaborate properties. Consequently, useful techniques were proposed to generate
graph models with stronger properties [RPKL0O7, VKBK21, TK24]. Yet, improved access to data
uncovered the important role of the temporality of the interactions, as well as the number of
agents that they involve. There is now a need for realistic models that also account for the
dynamics of the interactions as well as their order.

3 Theory and methods

In this PhD project, we present the theoretical contributions into three parts corresponding to the
three types of objects that we aim to model, namely static, temporal and higher-order graphs.

3.1 Static graphs

The goal of any null model is to reproduce some essential aspects of the complex structure observed
using a few simple characteristics of the graph. In this way, we identify the fundamental parts of
its structure. However, generating null models presents intertwined technical and interpretative
challenges. The main obstacle is that it is difficult to generate unbiased neutral models—that is,
models that are truly random concerning all aspects except those specified by the model. Each
proposed model often requires a complex adaptation of existing methods. As a result, the literature
contains a significant number of studies attempting to establish the randomness of specific complex
models [KTV99, RJ00, TRC11]. In practice, it is common to lack an appropriate method when
proposing a neutral model tailored to a particular family of graphs.

To address this challenge, we prioritize two approaches. The first one is the use of Exponential
Random Graph Models (ERGM) [ST02], which have become a standard for generating neutral
models, in particular in the context of social network analysis. Although they do not strictly guar-
antee an unbiased element within the considered set, the versatility of these models —both in terms
of selecting properties for generation and the ability to interpret ERGM regression parameters—
has contributed to their widespread popularity over the past thirty years [LKR13]. The second
approach is the use of a recently proposed method known as Probabilistic K-Swap (PKS), which
enables the generation of a wide range of null models while ensuring the unbiased nature of the
process [TK24].

While these methods share the same objective, they are based on different principles and
have distinct advantages and drawbacks. Indeed, whereas PKS is not subject to the overfitting
and degeneracy issues that can limit the use of ERGM, it is not a regression-based method. Its
interpretation is guided solely by the model’s ingredients, making PKS less flexible in practice. We
aim to determine which of these methods is best suited for each practical case study.

3.2 Temporal graphs

Temporal graphs extend classical graphs to the case of interactions that happen at specific moments
in time. Examples of networks appropriately represented by temporal graphs include communica-
tion networks, social interactions or financial transactions.

To deepen our understanding of the underlying dynamical systems, it is crucial to analyze tem-
poral networks in ways that respect their core temporal structure. In particular, randomizing these
graphs while maintaining time-respecting walks is essential to preserve the integrity of temporal
causality and information flow, which are fundamental to the system dynamics. As highlighted
in the literature [HS12, KKKO00, LRS19], time-respecting walks capture the ordered sequence of



interactions that underpin real-world processes, i.e., a potential cause must temporally precede
its result. Failing to preserve this causality structure would distort the temporal coherence, un-
dermining the study of phenomena such as diffusion, communication, or influence within evolving
systems.

There exists different models of temporal graph randomization, see [GGKT22, HS12] for a
review. However, these models usually randomize by fixing either a topological pattern (graph
pattern) or the temporal pattern such that fixing the number of interactions per time step, while
spatio-temporal patterns play a fundamental role and we want to develop model that fix them in
this PhD. There is some recent work [SNS25b] in that direction, but the spatio-temporal patterns
are fixed approximately and not exactly. Extending the PKS method [TK24] to the context of
temporal graphs is an interesting avenue.

3.3 Higher-order graphs

Unlike classical graph models, which simply consider the relations between pairs of nodes via
edges, higher-order graphs allow for interactions between groups of nodes, i.e., groups of entities
can interact simultaneously [BGHS23, Bia21]. There are different models of higher-order graphs:
Hypergraphs generalize from edges of two nodes to hyperedges, each consisting of an arbitrary
number of nodes. Indeed, it has been found that in many real-world cases one needs to con-
sider interactions that are more than pairwise dyadic interactions, such as various kinds of social
networks (collaboration, affiliation, discussion) but also biological networks (protein interactions,
gene-protein interactions. Higher-order graphs are increasingly popular to model both the struc-
ture and the dynamics, using additional structure for extensions of Graph Neural Networks, and in
Graph Signal Processing (GSP). In Graph Signal Processing, SCs (Simplicial Complexes) and CCs
(Cell Complexes) are particularly popular for processing (directed) flow signals on the edges of a
graph [BS20, SBT21] due to their ability to capture direction on edges and relationships between
edges and higher-order structure.

The growing field of higher-order graph analysis requires random models for analogous reasons
as these models are required in the analysis of classical (pairwise) graphs. For instance, graph
randomization corresponds to a controlled modification of an observed (real-world) higher-order
network that outputs a new network with similar properties as the original. This is particularly
useful for data anonymization, where we aim to alter a higher-order graph such that the privacy
of the individual nodes is protected, while maintaining the overall composition of the network
such that useful information can be extracted. Graph randomization can also be seen as a tool to
generate new graphs that can be used for data augmentation in learning processes.

There are some works in this direction have been done on SCs and CCs in the literature [CB16,
YPVP17, HS24] but there are still many gaps on the controlled generation of these models, that
is we want to fix some high order structure and randomise the graph otherwise.

4 Applications

The applications that we develop in the context of this PhD project focus on online social network
analysis, which is the main application field that our research team has developed during the last
15 years. Several ongoing projects would benefit of improved generation models.

In the context of the CNRS MITI project MoNReSo (2025-2026), we are especially interested in
the description and classification of social ego-networks across several case studies corresponding to
different data collection methods. These networks are centered around an individual (ego) and the
set of people with whom they maintain relationships (alters), as well as the relationships between
these alters. They provide a rich description of an individual’s social environment and, as such,
offer a precise ego-centered depiction of the concept of social ties [FG21]. In particular, Christophe
Prieur (LISIS, UGE), who is a sociologist participating to the MITI project, has gathered around
10,000 Facebook ego-networks enriched with survey information. We will explore several aspects:
first, is there a reduced set of structural characteristics that account for the overall structure of
these networks, or are they, on the contrary, irreducible in the sense that no such characteristics can



be found? And in the latter case, do neutral models allow for the establishment of new typologies
of personal networks depending on the contexts considered? Christophe Prieur would help provide
and analyse data from a sociological perspective during the PhD.

As part of the PostGenAIQParis project supported by Sorbonne University, our team proposes
to contribute to the CAP dedicated to augmented deliberation by investigating the structure and
dynamics of online collaborative projects. Our aim here is to to evaluate if there are structural
and dynamical elements of a collaboration that mark a productive or unproductive deliberation
process. In that purpose being able to classify these dynamic collaboration networks in relation
to standard null models is a favoured research path. Data such as github programming projects
makes an interesting playground to investigate such methods.

Finally, collaboration networks as well as other co-occurrence networks can be viewed as high-
order networks where authors of a papers form a hyperlink or a simplex. Therefore, having more
refined neutral models would allow a better understanding of their inherent structure to characterise
them.

5 Profile required and environment

The PhD would take place at Sorbonne University (Jussieu Campus, Paris 5), under the su-
pervision of Mehdi Naima and Lionel Tabourier. Mehdi Naima is an associate professor at LIP6
(Sorbonne University/CNRS). His research focuses on algorithm analysis as well as temporal graph
algorithms (more information at https://busyweaver.github.io/). Lionel Tabourier is a Pro-
fessor at LIP6. During his previous works, he contributed to realistic graph generation meth-
ods, as well as the analysis of information spreading on social platforms (more information at
https://lioneltabourier.github.io/).

We are looking for students whose primary interests are algorithmics and programming for data
mining. A taste for interdisciplinary questions is also important.
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