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Abstract

Many real-world phenomena can be modeled using dynamic
networks organized according to an evolving community
structure. While traditional community discovery algorithms
rely on structural information, recent years have seen a shift
in focus towards methods of embedding nodes in dynamic
graphs that incorporate temporal information through times-
tamps and contextual information through features. This en-
deavour is particularly evident in Graph Neural Networks
(GNNs). In this paper, we address the importance of node
embeddings and features in understanding network dynamics.
First, we propose a general framework for extracting dynamic
communities from graph embeddings without prior knowl-
edge of these communities. We then design a synthetic dy-
namic graph generator that produces network data and fea-
tures for GNN training. Experiments on synthetic dynamic
networks demonstrate that informative features are essential
for ensuring the performance of GNNs. By comparing several
embedding algorithms on different scenarios, we demonstrate
that our method effectively captures the network’s underlying
dynamics at both the macro and node levels. Furthermore, we
demonstrate that GNN-based embeddings are more effective
at capturing global network dynamics. They significantly out-
perform conventional embedding or community detection al-
gorithms when it comes to detecting changes in dynamics at
the node level. Additionally, we tested our method on a real-
world dataset of social media interactions, achieving promis-
ing results for network visualization.

Introduction

Traditional methods for studying graph properties and de-
tecting communities often assume a static structure and are
therefore not well suited for analysing temporal graphs. As
the collection of data with temporal information becomes
easier (via social media APIs, news article databases, blogs,
etc.) and new algorithms to directly encode temporal graphs
emerge, there is a need to explore the possibility offered
by these algorithms to uncover dynamic communities. The
evolving structure of online communities is of great inter-
est for studying phenomena such as opinion dynamics in
social media (Perozzi, Al-Rfou, and Skiena 2014; Rama-
ciotti Morales et al. 2022) or the formation of academic re-
search fields (Zhou et al. 2021; Kong et al. 2019).
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Since the notion of community or node similarity itself is not
well defined, a variety of algorithms used to study graphs
implicitly or explicitly assume a notion of similarity be-
tween nodes, depending on their specific area of interest
(Rossetti and Cazabet 2019). Some consider a graph with
nodes as a document composed of words (Narayanan et al.
2017). Other methods use Singular Value Decomposition or
Graph Laplacian and instead consider message passing: the
flow of information within a graph (Nadakuditi and New-
man 2012; Belkin and Niyogi 2003).

In recent years, graph representation learning, and in par-
ticular a branch called Graph Neural Networks (GNNs), has
received a great deal of attention. Algorithms emerging from
this field offer the possibility of incorporating node and link
features to produce embeddings at the level of nodes, links
or the whole graph (Wu et al. 2021). For node embedding,
they rely on a message passing mechanism to aggregate the
information carried by these features in the neighborhood of
nodes (Kipf and Welling 2017).

The wealth of algorithms capable of generating graph em-
beddings (Ju et al. 2024) motivated us to design a method
to develop unsupervised dynamic community discovery on
these representations independently of the algorithm used to
produce them. To the best of our knowledge, this problem
has been little studied using Graph Neural Networks in a dy-
namic setting. Communities in real-world dynamic networks
experience a continuous temporal evolution. We posit that
the persistence of instances of similar communities is key
to understanding the structure of dynamic networks. Indeed,
considering communities at each timestep only obscures the
intrinsic dynamic nature of real networks.

We start with an overview of existing work in section
Background and Related Work. In section Contributions
we first present our research questions and a method for
tracking similar instances of communities using graph em-
beddings over different timesteps in subsection Method:
Dynamic Community Discovery. In order to evaluate the
proposed method, we describe a procedure to generate syn-
thetic temporal graphs with known community dynamics
and given scenarios to act as ground-truth for validation in
Synthetic Dynamic Networks. Experiments are performed
in the Experiments on Synthetic Data to investigate our re-
search question. Finally, we test our method on data coming
from X/Twitter in Experiments on Real-World Data.



Background and Related Work
Dynamic Community Discovery

There is a rich literature on the problem of finding com-
munities in static graphs. Each method focuses on one of
the many definitions of what a “good community” might
be (Yang and Leskovec 2015). The most common algo-
rithms are Louvain (Blondel et al. 2008) or Infomap (Rosvall
and Bergstrom 2008). They consider respectively modular-
ity (i.e., the intra community vs. the extra community con-
nectivity) or the flow of information (i.e., the cost of mov-
ing in the graph). They both have the advantage of not re-
quiring any parameters. Other methods assume a Stochastic
Block Model Stucture (SBM) (Holland, Laskey, and Lein-
hardt 1983) to find communities as Decelle et al. (2011).
Finally some clustering algorithms rely on the use of graph
spectra (Nadakuditi and Newman 2012).

On dynamic graphs, it is customary to consider that

the temporal evolution of the network plays a crucial role
in the definition of the communities themselves, since
the community associated to a node can vary over time.
(Rossetti and Cazabet 2019) give the following definition
for the task of Dynamic Community Discovery:
Given a dynamic network G, a Dynamic Commu-
nity D is defined as a set of distinct (node, peri-
ods) pairs: D (v1, P1), (v, Pa), oy (Un, Py), with
P, = ((ts'Oa te0)7 (tsh tel)---(tsN7 teN)): with te. < tes.
Dynamic Community Discovery aims to identify the set D of
all the dynamic communities in G. The partitions described
by D can be neat as well as overlapping.

Static clustering algorithms are often used for dynamic
networks. They are run on several snapshots of the dynamic
network, and then a technique is applied to attribute per-
sistent labels to the nodes. Greene, Doyle, and Cunning-
ham (2010) offers a procedure for producing such persis-
tent labels. The procedure consists of associating pairs of
communities across the timesteps. This is done by consid-
ering cluster C;; at time ¢ and its most similar counter-
part cluster Cj .1 at time ¢ + 1 using Jaccard similarity
score (Palla, Barabasi, and Vicsek 2007). There are several
ways of matching or detecting dynamic communities using
Instant-optimal, Temporal trade-off or Cross-Time strategies
(Rossetti and Cazabet 2019). In Falkowski and Spiliopoulou
(2007) they use a three-step procedure to perform a multi-
step matching on communities found at each timestep to find
instances of similar communities. It takes advantage of the
global temporality of the network as well as the instanta-
neous structure of a snapshot. This method is defined as fol-
lows:

1. In the first step, communities are found in each snapshot
using a static community detection algorithm.

2. Then, communities at each timesteps are linked based on
a chosen similarity measure (Typically the Jaccard coef-

ficient). This creates a community Survival Graph.

. Finally, a community detection algorithm is run on the
community Survival Graph. This produces persistent
communities across several snapshots.
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Graph Embedding and Community Detection

These last few years, a lot of academic effort has been con-
centrated on the problem of static network embedding. A
variety of algorithms have been developed to produce a
vector representation for each node of the network so that
the resulting embedding of the graph encapsulates its struc-
tural properties. The embedding can be achieved through
Single Value Decomposition (Zhu et al. 2018), Random
Walks (Perozzi, Al-Rfou, and Skiena 2014; Grover and
Leskovec 2016), Graph Spectral Theory (Belkin and Niyogi
2003) or through Deep learning algorithms as Velickovié
et al. (2018). However, the availability of graph-structured
data and breakthroughs in the field of Graph Neural Net-
works increased the attention on dynamic network em-
bedding. These algorithms can be classified according to
whether they consider time in a continuous or discrete man-
ner and put more emphasis on the structural or temporal
aspect (Xue et al. 2022). Some of these methods are re-
lying on traditional approaches modified for the temporal
setting like Dynnode2vec (Mahdavi, Khoshraftar, and An
2018) or Continuous-Time Dynamic Network Embedding
(Nguyen et al. 2018). The Deep Learning oriented ones uses
Recurrent Neural Network architecture like JODIE (Kumar,
Zhang, and Leskovec 2019) or TGAT (Xu et al. 2020). They
can also rely on methods that emerged from Graph Neural
Networks such as TGN (Rossi et al. 2020) or EvolveGCN
(Pareja et al. 2020).

A number of studies have addressed the issue of using
graph embeddings for community detection such as Tandon
et al. (2021) or Kojaku et al. (2024). They often rely on ap-
plying an Euclidean clustering algorithm on the produced
embeddings. However, as stated by Longa et al. (2023), few
works have considered the possibility of using GNNs de-
signed for temporal graphs to perform unsupervised com-
munity detection.

Contributions
Research Questions

The purpose of our study is to investigate the use of graph
embeddings for dynamic community discovery. It aims to
validate their ability to detect changes in the community
structure at both the macro and node level. In addition we
want to report on the relative performance of static versus
dynamic embedding algorithms. The experiment questions
the ability of a method using embedding algorithms to:

1. Detect the fundamental events that characterise the evo-
lution of dynamic communities (Palla, Barabasi, and Vic-
sek 2007): Birth, Death, Merging, Splitting, Expansion,
Contraction.

. Detect the change of community at the node level over
the lifetime of the network.

. Measure the impact of embedding algorithm properties
on performance when:

* Adding temporality to structural information,
* Varying the informativeness of features in GNN train-
ing.



To answer these research questions, we design a method
to provide persistent labels to nodes in a dynamic network.
A synthetic dynamic network generator is proposed to test
this method and investigate our research questions.

Method: Dynamic Community Discovery

Build Dimensionality Measure Build Survival Decide
network reduction and | community |Graph and find| tresholds to
representation| clustering similarity clusters of | build dynamic
(PACMAP & communities | communities
HDBSCAN) (Louvain)

Figure 1. Workflow of the Dynamic Community Discovery
Method

Graph embedding algorithms are able to encapsulate
structural, and possibly temporal or contextual information
relevant to the phenomena under scrutiny in a series of
embeddings E; with t € {t1,...,t,}. Our approach builds
on this family of algorithms to discover dynamic com-
munities (Figure 1). Drawing inspiration from (Falkowski
and Spiliopoulou 2007), Graph Representation Learning
and the use of Deep Learning embeddings for downstream
tasks, we introduce a method for detecting relevant dynamic
communities in social networks by leveraging the power of
graph embedding algorithms.

The goal is, given a temporal network represented by a
dynamic graph G and a decomposition of the temporality
in n timesteps {t1,...,t,} to identify a set of k dynamic
communities D = {Dy,..., Dy} that are present in the
network across several timesteps.

We consider a dynamic network G, which can be repre-
sented either as a continuous-time graph or a discrete-time
graph (Xue et al. 2022). This graph, along with the rele-
vant information, is then processed into a series of embed-
dings E; with t € {t;,¢,} across the n timesteps suiting
the phenomenon under scrutiny. The first option is to use
a continuous-time graph embedding algorithm (typically a
RNN-based Neural Network) and then producing the em-
beddings at each ¢t € {t1,...,t,} (by feeding the data up
to time ¢ to the trained neural network for instance). The
second considers the graph G as a series of timestep graphs
{G4,,..., Gy, } representing the evolving network at suc-
cessive snapshots. Then, a static graph embedding algorithm
is applied at each timestep ¢ or a discrete-time dynamic em-
bedding algorithm produces the embeddings.

We apply a clustering algorithm to each step of the series
of graph embeddings F; with ¢t € {t1,...,t,}, to find all
the k; static communities C}, ..., CF* at time ¢. A graph
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Algorithm n. 1: Persistent Community Detection Based on
Embeddings.

Given a temporal graph G, a set of timestep {t1, ..., t, }, a
period threshold 7eri04s and a similarity threshold

Tsimilarity-
1. Apply the embedding algorithm to G to produce the
series of embeddings £ = {Ey,, ..., Ey, }.
. Apply the clustering algorithm to each embedding E; to
produce the series of communities C' = {C},, ..., Cy, }.
3. Forall C} ,C], € C'sothatt; # t, if
Similarity(Cf,,Cl,) > Tsimitarity and
|t1 — t2| < Ttimestep then add a link between C;, and
C{, in the Survival Graph.

Apply the static community detection on the Survival
Graph. The ”Super Communities” obtained this way are
the Dynamic Communities D = {Dx, ..., Dy}

5. Finally, each node is labeled to match its community at
time ¢ to the Dynamic Community D it belongs to at
that timestep.

which we call Survival Graph is initialized with all these
communities as its nodes.

Following the clustering phase, we consider two user-
defined parameters to find persistent instances of commu-
nities:

* Tiimestep controls the temporal window in which it is rel-
evant for two clusters to be considered as similar with
respect to the temporality of the network.

* Tsimilarity 15 the threshold above which we link two clus-
ters of nodes across time.

To track similar communities over time, we then define a
commonly accepted measure of similarity between clusters.

Given two communities C;, and sz detected by the cluster-
ing algorithm at times ¢; and ¢5:

o e, ned, |
Similarity (Cf1 ,C{Q) =

W if ‘tl - t2| < Ttimestep
0

otherwise

If Similarity(C;,Cl,) > Tsimitarity. then a link is cre-
ated between the two communities in the Survival Graph
with a weight equals to the value of the similarity. A static
community detection algorithm is run on this Survival
Graph to find new “Super Communities” which are the per-
sistent instances of similar clusters detected on the embed-
dings at each timestep. These k& communities of the Sur-
vival Graph found in this way are the dynamic communi-
ties D = {Dq, ..., Dy }.
Finally at each timestep ¢, we assign to each node the label
corresponding to the dynamic community D; to which it be-
longs at this timestep. At each timestep and for each node,
a single label is assigned, since each step community C; can
be associated to one and only one of the dynamic communi-
ties in D.

A representation of the pipeline can be found in Figure 1



and the pseudocode algorithm in Algorithm n. 1.

Synthetic Dynamic Networks

No comprehensive benchmark test the evolution of node
community over time based on ground truth and produces
data used for GNN training: interactions labeled with times-
tamps. Hence, we propose to generate a dynamic graph with:

1. A controllable community structure.

2. A dynamic interaction process within the network with

control over temporality.

3. The possibility for nodes to change community over
time.

Simulation scenarios such as merging or splitting of com-
munities.

5. Options to generate features for nodes or links according
to the community structure.

We drew inspiration from the code and motivating
example proposed by Goyal, Chhetri, and Canedo (2020)
who use a Stochastic Block Model (Holland, Laskey, and
Leinhardt 1983) to generate communities. This relies on a
block matrix B of size N x N determining the probability of
an edge within or across communities, with /N the number
of communities in the network. We adapted this for our
purposes: setting the probability Matrix B (that can evolve
over time) to control the likelihood of interactions between
nodes based on their respective communities. Since every
interaction in the network is directed, the resulting temporal
graph is also directed. Given a number of nodes n,o4es,
an initial number of communities N, and the probability
matrix B, the network will evolve over a user-defined
number of timesteps n;s, creating new interactions based on
the underlying SBM structure.

The number of nodes to be perturbed at each timestep
Npertury @ Well as the communities to be perturbed can be
specified. These 2 parameters drive the evolution of some
nodes that will migrate from their original communities
to an other. A node undergoing a community change is
called a migrating node, and then a perturbed node once the
migration is over

Finally, the generator can be provided with the following
parameters: the timesteps {t. .., thpens) at which a
splitting or merging of communities occurs as well as the
proportions of each community to be merged or split, a
model for the temporal simulation, and parameters for the

generation of features.

The workflow of the Synthetic Dynamic Network gener-
ator is summarized in Algorithm n. 2.
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Algorithm n. 2: Synthetic Dynamic Network Simulation

Initialization

Given B, N, npodes: An initial graph is created. Random
possible interactions between nodes are sampled and they
are added to the graph with a probability given by B. If
a temporal model is provided, then a timestamp associated
with each event is sampled according to the model. If not,
the associated timestep is the order of occurrence.

Ateach Stept € {1,...,n45}
Ift € {t

L emts > thont . then the matrix B is changed
according to the event and a new graph is sampled through a
procedure specific to the event. The migrating and perturbed
nodes are kept.

Otherwise:

1. The migrating nodes from the previous timestep are inte-
grated into their new community and become perturbed
nodes. Nperiury NEW migrating nodes are selected from
the perturbed communities.

2. These new migrating nodes see their probability of in-
teraction with the community they are about to join in-
crease, but still remain lower than if they were already
members of this community.

3. A new graph is sampled: each pair of nodes will inter-
act with a probability that depends on their respective
communities through B. Timestamps are associated with
each interaction as during the initialization.

Feature Generation

GNNss require features for training; to evaluate their impact
on the produced embeddings, informative features must be
generated alongside the synthetic dynamic graph. Textual in-
formation often plays a crucial role for social scientists in
assessing the position and behavior of entities within a so-
cial network. Furthermore, recent work suggests that GNNs
are suited and designed to use Bag of Words style features
,(Purchase, Zhao, and Mullins 2023), the decision was there-
fore taken to employ this formalism.

A Bag of Words (BoW) vector is a representation of a text
document as a vector of word frequencies, based on a prede-
fined vocabulary. Each position in the vector corresponds to
a word in the vocabulary, and the value at that position indi-
cates how many times the word appears in the document.
Our model generates BoW features based on the underlying
community structure:

At timestep ¢, the size of a generated feature is divided into
Ny blocks of equal size, one block per community present at
timestep t. If a node belongs to community ¢, then the values
of its ¢-th block of features are sampled according to a bino-
mial law with parameter p;,,. The other components are sam-
pled according to a binomial law with parameter p,,,;. In this
way, the generated feature reflects the community to which
the node belongs when it starts an interaction. Furthermore,
the informativeness of the features can be controlled by tun-
ing the parameters p;, and p,.:. By analogy with textual
data, this feature generation accounts for the variety of vo-



cabularies used within different communities.

Experiments on Synthetic Data
Experimental Setup

We chose to compare the proposed method using the em-
beddings produced by different algorithms. As a static em-
bedding algorithm, we use Random Walks (Grover and
Leskovec 2016). The non-GNN dynamic embedding algo-
rithms tested are Dynnode2vec (Mahdavi, Khoshraftar, and
An 2018) and the Continuous Time Dynamic Network
Embedding method (referred here as CTDNE) (Nguyen
et al. 2018). We trained 3 GNN algorithms. One is static
and named Graph Attention Network (namely GAT)
(Velickovi¢ et al. 2018) and the other two are dynamic
: Temporal Graph Network Temporal Graph Network
(namely TGN) (Rossi et al. 2020) and Evolve GCN-O
(namely evolveGCN) (Pareja et al. 2020). The proposed
method is compared with two conventional dynamic com-
munity discovery methods based on modularity: the original
method proposed by (Falkowski and Spiliopoulou 2007) (re-
ferred here as FS) and the algorithm proposed by (Greene,
Doyle, and Cunningham 2010) (referred here as GDC)

A dimensionality reduction algorithm is applied to all the
embeddings produced, reducing their dimension to 2. More
information on the choice of dimensionality reduction can
be found in Appendix II) Impact of Dimensionality. In
the 4 forthcoming experiments, we used PACMAP (Wang
et al. 2021) with its default parameters i.e. n_neighbors =
10, MN _ratio = 0.5 and FP_ratio = 2.0.

HDBSCAN (MclInnes, Healy, and Astels 2017) was the
clustering algorithm used in all the experiments with the
following parameters: min_cluster_size = 50, min_samples
= 10, cluster_epsilon_selection 0.1, method = leaf. A
parameter sensitivity analysis of the HDBSCAN algorithm
and its impact on the proposed method can be found
in Appendix I) Parameter Sensitivity Analysis of the
Clustering Algorithm.

Finally, we chose Tiimestep = 2, Tsimilarity 0.15.
We kept detected communities that existed over at least
min_instances = 2 timesteps.

Let us report on the 3 scenarios we explored with the sim-
ulated networks:

1. A fixed community scenario: npertyrp NOdes change of
community at each timestep.

2. A merging community scenario: two communities merge

into a single one.

3. A new community scenario: a fraction of the nodes be-
longing to the initial communities form a new commu-
nity.

We ran the dynamic network simulation process for
all scenarios with a Block Model Matrix B set to have
an intracommunity interaction probability of 0.1 and an
intercommunity interaction probability of 0.01. The initial
number of communities was N = 3 with a number of nodes
Nnodes = 500. The simulations were run for n.s = 25 steps
with nperiyrp = 5 nodes migrating from community 1 to
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any other randomly selected community at each timestep.
Both events (merging and new community) start from the
second timestep onwards. In the merging scenario, all nodes
from communities 0 and 2 merge into a new one. The
new community is set to be created with 100 nodes, each
community (0, 1 and 2) contributing for % of the nodes.
The resulting simulations for the fixed, the merging, and the
new community scenarios are comprised of, respectively,
258,551, 412,703, and 217,542 interactions over 25 steps
among 500 nodes distributed over, respectively, 3, 2 (after
timestep 2) and 4 (after timestep 2) communities.

Code and data (including the generated graphs and fea-
tures) needed to reproduce the experiments of this sec-
tion are available at https://github.com/ferdinandlc/Long_
clustering.

Graph Neural Network Training and Impact of
Features

We benchmarked three Graph Neural Networks: TGN, GAT
and evolveGCN. They learn a graph representation by be-
ing trained on structural data and features. The models are
trained on 4 different sets of generated features. The results
obtained assess the impact of the informativeness of the fea-
tures. Based on these results, we also selected the models to
compare with other embedding algorithms.

The TGN models are trained in an unsupervised manner
using node features as well as interaction timestamps
and features. Evolve-GCN models are trained in a semi-
supervised manner using node features and interaction
timestamps. GAT on the other hand is a static embedding
algorithm trained in a semi-supervised manner using node
features, thus we train a model for each graph snapshot
G. For GAT and evolveGCN, we provide labels for 50
randomly selected nodes to use them as train subjects
mimicking the manual labeling of a part of the network.

To study the influence of the informativeness of the fea-
tures on the embedding produced, we generate 4 sets of fea-
tures:

» Set 1: Feature vectors of size 64 with all components
equal to 1.

» Set 2: Feature vectors of size 64 generated according to
the procedure described previously with p;, = 0.4 and
Pout = 0.3

» Set 3: Feature vectors of size 64 generated according to
the procedure described previously with p;,, = 0.5 and
Pout = 0.1

» Set 4: Feature vectors of size 64 generated according to
the procedure described previously with p;, = 0.9 and
Pout = 0.01

Each model is trained 10 times on each set of generated
features and the best model according to the training metric,
validation accuracy, is kept for comparison. The experiments
are run on the New Community scenario to investigate how
they perform on a complex dynamic case.

Figure 2 shows for TGN,GAT and evolveGCN the quality
of the dynamic communities obtained through the method
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Figure 2. average AMI values of TGN, GAT and evolveGCN
models trained on each Set of features across all nodes labels
(a) and only on perturbed nodes (b)

described previously between 4 trained models. The metric
used is the Adjusted Mutual Information between the ground
truth communities and the ones discovered by our method.
We observe a clear difference between the models trained
with informative BoW features and the models trained with
vectors of 1 as features (Set 1). While the latter seems to
produce communities at random (AMI close or equal to 0),
the TGN model is able to successfully represent the network
community structure with Set 2. All models trained with the
features of Set 3 and Set 4 effectively capture the underly-
ing structure of the network. The accuracy of the GAT and
evolveGCN model increase as the features become more in-
formative about the communities. The models trained on Set
3 and Set 4 perform better in terms of AMI. For TGN, the
features of Set 4 may cause overfitting, and Set 3 shows the
best results.

The GAT and evolveGCN models perform better as the
features become more discriminative. Set 1 describes each
community as using the same vocabulary while Set 4 ac-
counts for very distinct ones. For each algorithm, the models
trained on Set 3 have an average number of detected com-
munities closer to the true number of communities in the
network (i.e. 4 after step 2) as shown in Table 1.

Algorithm | Set1 Set2 Set3 Set4
TGN 236 3.12 348 3.20
GAT 1.76  2.68 3.12 3.08

evolveGCN | 1.00 1.80 3.84 3.68

Table 1. Average number of communities detected across
timesteps for TGN, GAT and evolveGCN models trained on
each Set of features

All algorithms display good results when trained on Set
3. Completely distinct vocabularies (i.e. set 4) is not a likely
hypothesis for a real social network. Therefore, we keep the
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parameters of Set 3 to generate the features in the next ex-
periments.

These results are consistent when tested only over the per-
turbed nodes as shown in subfigure (b) of Figure 2 These
metrics highlight that the method effectively classifies the
nodes that change their communities over time indepen-
dently of the macro event (i.e. the creation of a new com-
munity).

Results for the Proposed Scenarios

We trained the TGN, GAT and evolveGCN models with fea-
tures generated using the parameters of set 3 described in
the previous section. We focus on the average metrics, Ad-
justed Mutual Information (AMI) and Fowlkes-Mallows In-
dex (FMI), over the 25 timesteps for all nodes on the merg-
ing community and new community scenarios. On the fixed
community scenario, we further investigate the ability of
this method and embedding algorithms to correctly classify
nodes that change their community over the lifetime of the
network.

Algorithm avg AMI  avg FMI avg NBCOM
TGN BoW 0.832 0.903 3.48
GAT BoW 0.773 0.827 3.12
evolveGCN BoW 0.776 0.852 3.84
dynnode2vec 0.793 0.857 3.68
CTDNE 0.768 0.831 3.64
RandomWalk 0.732 0.798 3.36
FS 0.756 0.826 3.00
GDC 0.764 0.833 3.08

Table 2. Average metrics across timesteps for the new com-
munity scenario

Algorithm avg AMI  avg FMI avg NBCOM
TGN BoW 0.790 0.885 2.60
GAT BoW 0.601 0.841 2.44
evolveGCN BoW 0.693 0.857 2.76
dynnode2vec 0.699 0.903 2.00
CTDNE 0.556 0.778 2.68
RandomWalk 0.585 0.817 252
FS 0.616 0.863 2.20
GDC 0.606 0.854 224

Table 3. Average metrics across timesteps for the merging
community scenario

Table 2 and Table 3 show that TGN consistently produces
better results with the proposed methods for the task of clas-
sifying the nodes in dynamic communities. However, it is
not the most accurate embedding algorithm in terms of find-
ing the true number of communities. In particular, we ob-
serve that the dynamic community discovery methods us-
ing modularity instead of embedding algorithms (i.e FS and
GDC) fail to detect the emergence of a new community as
shown in Table 2. It also appears that all algorithms struggle
more with the merging community scenario. A possible ex-
planation is that the initial structure makes it more difficult



to represent the two communities merging into one. On the
other hand the proportions of each of the 3 communities that
fusion into a new one quickly form a more coherent struc-
ture (in terms of cohesiveness) as the merging of 3 smaller
sets of nodes.

Algorithm avg AMI  avg FMI avg NBCOM
TGN BoW 0.942 0.973 3.12
GAT BoW 0.843 0.907 3.00
evolveGCN BoW 0.887 0.939 3.12
dynnode2vec 0.831 0.906 3.00
CTDNE 0.795 0.877 3.00
RandomWalk 0.799 0.880 3.00
FS 0.826 0.898 3.00
GDC 0.826 898 3.00

Table 4. Average metrics across timesteps for the fixed com-
munity scenario

Table 4 shows that the TGN model outperforms the other
algorithms when used with the proposed method in the fixed
community scenario, followed by evolveGCN. This can be
explained by the fact that perturbed nodes are better repre-
sented in the embeddings these two GNNs produces, and
thus better classified, as shown in Table 5.

Algorithm avg AMI  avg FMI
TGN BoW 0.805 0.867
GAT BoW 0.609 0.736
evolveGCN BoW 0.886 0.911
dynnode2vec 0.445 0.577
CTDNE 0.378 0.545
RandomWalk 0.351 0.535
FS 0.451 0.625
GDC 0.451 0.625

Table 5. Average metrics across timesteps for the fixed com-
munity scenario over perturbed nodes

From these observations, we conclude that our method is
capable of classifying in an unsupervised manner the nodes
over time, even with a complex scenario. The embeddings
produced by TGN outperform the other algorithm in all sce-
narios in terms of average Adjusted Mutual Information. We
observe that the proposed method used with GNN-based
embedding algorithms and are consistently more accurate
on the perturbed nodes. This suggests that informative fea-
tures do have an impact on the quality of the embeddings
produced, especially at the micro-level of the network dy-
namic.

The method also approximates the true number of communi-
ties. Dynnode2vec effectively represent the macro-structure
of communities in all scenarios. Overall, the best perform-
ing models are the three GNNs and dynnode2vec. These
are all dynamic embedding algorithms that take temporal-
ity into account to produce the embeddings. On the other
hand, Modularity (with FS and GDC) performs consis-
tently well and should be considered when applying the
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method without having to train models. A comparison of our
method against a more intuitive strategy to match communi-
ties across timesteps can be found in Appendix IIT) Com-
parison of our Method with Simple Matching Strategy.

Parameter Sensitivity Analysis

A further sensitivity analysis is conducted. The Sobol
method was executed with Ny = 512X (2x3+2) = 4096
model evaluations for each algorithm on each scenario, eval-
uated on Adjusted Mutual Information. 512 is the base sam-
ple size and 3 is the number of parameters i.€. Tsimitarity
Ttimesteps and min_instances. The mean First-Order Sobol
index (S1), Mean Total-Order Sobol Index (S7) and the
standard deviation of the rank of the parameter important
across all test case (Rank StdDev) are reported in Table 6.
The mean value and standard deviation of each parameter
over the set of parameters achieving 95% of the best AMI is
also reported in Table 7.

Parameter mean S; mean St Rank StdDev

Tsimilarity 0.433 0.640 0

Ttimesteps 0.123 0.468 04
min_instances 0.107 0.240 04

Table 6. Parameter sensitivity of the proposed method aver-
aged over all scenarios and algorithms

Parameter mean value value StdDev

Tsimilam'ty 0.482 0.273

Ttimesteps 13 6.40
min_instances 13 6.28

Table 7. Mean value and standard deviation of each param-
eter for evaluations achieving 95% of the best AMI

We observe that the method exhibits stronger sensitivity

to the parameter taUsimitarity> followed by Teimesteps- From
the mean and Standard Deviation of the sets of parameters
achieving 95% of the best AMI, a wide range of parameters
values appears to yield good results. 43% of the evaluations
conducted achieve at least 95% of the best AMI value. The
parameters used in this paper for the previous study offer a
good trade-off, as the average difference between the results
presented and the best possible AMI for each algorithm is
0.03 (in absolute AMI value).
Thus, we observe that the method can be used with a wide
range of parameter values and achieve convincing perfor-
mance. We chose here to test our method with loose pa-
rameters to account for having no information about the
real community structure and dynamic. It still performs well
on average with more conservative parameters (i.e. higher
Tsimilarity)- This is expected as the scenarios tested here do
not exhibit both frequent and abrupt changes in the commu-
nity structure.



Experiments on Real World Data
Dataset And Feature Preparation

For the second evaluation, we apply the previously proposed
method and algorithms to a real network extracted from
X/Twitter during the 2017 French presidential elections
(available at https://zenodo.org/records/5535333, Fraisier
et al. (2018)). This dataset features 22,854 accounts that
were manually labeled. 6 different labels represent the po-
litical affiliations of the accounts.

We focus on the dynamic social network created by the
retweets among 19,483 of the labeled accounts between the
Ist of February and the 24th of April 2017. The resulting
graph consists of 2,592,037 interactions among the labeled
accounts during the core of the 2017 presidential campaign.
Despite the static nature of the node labels, the objective is to
assess the extent to which the proposed method and the em-
beddings produced by the algorithms previously studied are
able to represent a real-world network of political debates.

To train the TGN, GAT and evolveGCN models, we used
two different feature generation frameworks. The first of
these relies on detecting a specific vocabulary for each party
in the dataset. TF-IDF was run on the messages produced by
the supporters of each party separately to identify the rele-
vant terms used. We manually review the resulting vocabu-
laries and remove any words that are meaningless or too spe-
cific. This results in a global vocabulary of 157 words (ap-
proximately 30 per party). Each message (or interaction) is
represented by a vector of presence/absence of words within
this vocabulary. The node feature of an account is the av-
erage of the Bag of Word feature vectors of all messages
published by an account within the studied time period. On
the other hand, we produce feature vectors using an LLM
to represent the message. We passed the messages through
a pre-trained French Language Model (Camembert, Martin
et al. (2020)) and jointly reduced the dimension of the vec-
tors to 64. The node feature associated with each account is
the average of all its message embeddings within the time-
frame.

Experimental Setup

The dimensionality reduction algorithm was applied to all
produced embeddings to reduce their dimension to 2. In all
experiments, we used PACMAP (Wang et al. 2021) with the
following parameters: n_neighbors = 10, MN_ratio = 0.5
and FP_ratio =2.0

The clustering algorithm that was used in all the experiments
was HDBSCAN (MclInnes, Healy, and Astels 2017) with the
following parameters: min_cluster_size = 200, min_samples
=10, cluster_epsilon_selection = 0.2, method = leaf.
Finally, we chose Tyimestep = 2, Tsimilarity = 0.2 and to
keep only the Dynamic Community that existed over at least
min_instances = 5 timesteps.

Results

The results on the X/Twitter dataset can be found in Table 8.
We observe that TGN exhibit better performance than the
other algorithms when trained with BoW features. On the
other hand, it is a matter of interest to note that both GAT
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Algorithm avg AMI  mean FMI avg NBCOM
TGN BoW 0.478 0.601 10.66
TGN LLM 0.357 0.396 7.33
GAT BoW 0.204 0.342 6.11
GAT LLM 0.231 0.389 3.0
evolveGCN BoW 0.161 0.330 4.88
evolveGCN LLM 0.129 0.311 7.66
dynnode2vec 0.366 0.543 4.0
CTDNE 0.441 0.569 5.0
RandomWalk 0.437 0.536 4.66
FS 0.463 0.579 45.22
GDC 0.455 0.566 9222

Table 8. Average metrics of the embedding algorithms on
the X/Twitter dataset against the ground truth labels

Algorithm SM-N (10e~?)
TGN BoW 3.89
TGN LLM 2.81
GAT BoW 291
GAT LLM 3.63
evolveGCN BoW 3.38
evovleGCN LLM 2.70
dynnode2vec 3.63
CT 2.04
RandomWalk 2.23
FS 3.69
GDC 1.43

Table 9. SM-N scores for partition over the X/Twitter dataset

and evolveGCN embeddings perform poorly while the train-
ing metrics were satisfying (0.728 validation accuracy for
evolveGCN and 0.715 for GAT). Modularity-based meth-
ods (FS and GDC) perform well. It can easily be under-
stood as in this case as the network labels are static and a
change of community for active users is unlikely over the
course of a presidential election. The metrics used are also
independent of the absolute value of the labels. However,
Modularity-based methods produce a large number of com-
munities, which can be partially reduced by the persistent
label attribution leveraged by the FS method.

To investigate the stability of the labels at the node level,
we further compute the SM-N of the partitions. This smooth-
ness metric is defined as the inverse of the number of node
membership changes (in absolute value) (Cazabet, Boude-
bza, and Rossetti 2021). The results are shown in Table 9.
The most stable labels at the node level are obtained with
TGN trained with BoW features, followed by FS, Dynn-
ode2vec and GAT trained with LLM features.

Another interesting aspect of using node embeddings is
that they can be used to provide a (time-evolving) repre-
sentation of the users in a two-dimensional space. Figure 3
shows the user representation in the embedding space at the
same given time during the campaign for TGN and GAT
trained with BoW features. On the left side, nodes are col-
ored according to their detected persistent community. On
the right side, nodes are colored according to their ground-
truth label (i.e. the party they stand for). We can see that the
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(a) Dynamic Communities of
GAT

(b) Real Communities of
GAT

(c) Dynamic Communities of

TGN (d) Real Communities of TGN

® MIX EM PS @ FI @ LR @ FN
Figure 3. Plots of the detected dynamic communities (left)
vs the real communities (right) of TGN and GAT models
trained with BoW features at time = 6 weeks. Underneath the
figure are the color label for the real political communities

affiliation (right side of the figure).

users are effectively represented in space in regard with their
true party affiliation. The spatial representation of the par-
ties also makes sense, especially for TGN embeddings. The
different political parties on the left (Parti Socialiste (PS)
in pink, France Insoumise (FI) in red) and on the right (Les
Républicains (LR) in blue, Front National (FN) in black) are
close to each other. We can also witness that the detected dy-
namic communities represented at this time during the cam-
paign match with the real party affiliations.

Interestingly, the visualization and metrics provide mixed
results. The average AMI values are quite low, and the pro-
posed method only performs better than Modularity-based
methods when TGN embeddings are used. The other GNN-
based embeddings (GAT and evolveGCN) perform poorly.
On the other hand, GNN-based models are able to represent
in the structure of the network in a way that can be inter-
preted from a political perspective as shown in Figure 3.
Overall, TGN appears as the most interesting embedding
both for dynamic community discovery and visualization
purposes in online social networks that exhibit an interaction
modality similar to X/Twitter. This is also to be expected as
the TGN model was initially created as a recommendation
system for X/Twitter.

Discussion

This study was motivated by two broader questions. The
first considers the relevance of graph embeddings. Given
the wealth algorithms developed in recent years, we wanted
to investigate the extent to which they produce “good”
embeddings at the node level. By this we mean the ability
of graph embedding algorithms to represent closely in
the embedding space nodes that play a similar role in the
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network. The other question that derives from the first one
is to examine their use in the study of social phenomena.
These considerations must take into account the fact that
these embedding algorithms were not designed to serve the
interests of social sciences.

In answer to the first question, we demonstrated that
GNN-based algorithms can achieve a higher average AMI
than most of the other embedding algorithms tested on
synthetic data. However, the cost and complexity of training
a GNN must be considered. Traditional Modularity-based
methods produce good results, are easier to use and allow
for a much more direct interpretation of the communi-
ties they detect. Furthermore, the performance of GNNs is
highly dependent on their training and the features provided.
The ability of GNNs to leverage features still gives us some
hope regarding the second question. In our experiments,
we have seen that BoW features often outperform LLM
features in terms of performance in our experiments. The
visualizations they produce are easier to interpret in light
of our knowledge of the networks. This paves the way for
considering features produced by social scientists with a
priori knowledge of the phenomenon under scrutiny. In this
way, deep learning models can, in a sense, be biased by the
knowledge of experts.

We also believe that the interpretation of results, espe-
cially visualization, should be done together with social
scientist whose fields of research encompass the situa-
tion under investigation. Graph embeddings and other
downstream tasks can then act as a first approach or an
investigation tool to consider network-related research
questions.

Limitations

We acknowledge that our study has several limitations. First,
the comparison with other recent baselines for community
detection such as the ones presented in (Li et al. 2023),
(Sobolevsky and Belyi 2022) or (Guo, Wang, and Zhang
2014). As dynamic community discovery methods tend to
assume certain paradigms and are designed for different use
cases, there is no consensus on the current best practice.
Therefore, we decided to focus on comparing our method
with others that make similar design choices. This approach
enables our study to investigate whether node embeddings
can compete with structural methods, such as modularity, as
the basis for a community detection algorithm..

Another limitation is that we had to design a specific syn-
thetic network generation process. This was necessary to
ensure that the same data and features could be used by
several algorithms while , while also enabling GNNs to be
trained on continuous-time events. However, this approach
prevents comparison with commonly used benchmarks such
as the LFR benchmark (Lancichinetti, Fortunato, and Radic-
chi 2008).

It would also be interesting to study how the embeddings
produced become unstable over time. In particular, we



should consider its impact on the performance of dynamic
community discovery.

Ultimately, this study has to be considered as a prelimi-
nary investigation into exploiting recent literature on graph
embeddings in a dynamic setting. In the future, we hope to
contribute to aligning some methods that emphasise the tem-
porality of complex networks with the research interests of
social scientists.

Conclusion

In this paper, we proposed a method for detecting and
tracking dynamic communities from network embeddings.
We also described a procedure to generate both dynamic
networks with scenarios and embeddings that match the
dynamic evolution of the network. The following con-
clusions were drawn from our study on synthetic data:
GNN embeddings can recover the macro-structure of
dynamic communities, producing results equivalent to
those of established methods based on modularity. It has
been demonstrated that certain GNN models consistently
outperforms Modularity-based methods for unsupervised
community detection. Furthermore, utilising GNN em-
beddings facilitates the effective detection of community
change at the node level. This renders it a potentially valu-
able instrument for the identification of outlier behaviors.
Our experiment highlighted the importance of features to
produce informative embeddings when using GNN-based
algorithms.

We also conducted an evaluation on real-world X/Twitter

data. GNN-based algorithms such as GAT and evolveGCN
struggle to represent the underlying community structure in
the embeddings they produce. Despite the static nature of
the communities in this case, the TGN model exhibited the
best performance, achieving an average AMI of 0.478. The
experiments also suggest the usefulness of graph embedding
algorithms for network representation, especially as an ini-
tial approach when the nature of the network is unknow, or to
identify nodes with unusual community affiliation behavior.
Further study of the knowledge or hints that can be extracted
from these representations would be interesting, for example
in areas of the embedding space where communities overlap
or when new communities emerge.
Our method proposed a way to use GNN embeddings for
unsupervised dynamic community discovery, an area that
has received little attention yet. It being independent of the
underlying embedding algorithm also allows this method to
eventually benefit from further breakthroughs in the field of
Graph Representation.
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create a Datasheet for the Dataset (see Gebru et al.
(2021))?

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots?

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals?

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation?

(d) Did you discuss how data is stored, shared, and dei-
dentified?



Appendix

I) Parameter Sensitivity Analysis of the
Clustering Algorithm

Similar to the results presented in subsection Parameter
Sensitivity Analysis, we present here a sensitivity anal-
ysis of the parameters of the clustering algorithm used
in this article, HDBSCAN. These evaluations were con-
ducted varying the HDBSCAN parameters but keeping the
same method parameters as described in the Experimen-
tal Setup subsection of the Experiments on Synthetic
Data section. The Sobol method was again executed with
Niotar = 4096 evaluations for each algorithm on each
scenario, evaluated on average Adjusted Mutual Informa-
tion. There are 3 parameters : min_cluster_size, min_samples
and cluster_selection_epsilon. We report separately the re-
sults of the analysis on non-GNN algorithms (dynnode2vec,
CTDNE and RandomWalk) and the results on GNN-based
algorithms (TGN, GAT and evolveGCN). For each category
of algorithms, the mean first-order Sobol Index (S7), mean
total-order Sobol Index (S7) are reportedbut as the rank of
each parameter remained stable, it is not reported. The mean
value and standard deviation of each parameter over the set
of parameters achieving 95% of the best AMI are also re-
ported.

The results for non-GNN algorithms are reported in Table 10
and Table 11.

The results for all GNN-based algorithms are reported in Ta-
ble 12 and Table 13.

Parameter mean S; mean St
min_cluster_size 0.347 0.787
min_samples 0.080 0.550
cluster_selection_epsilon 0.034 0.254

Table 10. Parameter sensitivity of HDBSCAN over all non-

GNN algorithms
Parameter mean value value StdDev
min_cluster_size 35 20
min_samples 45 22
cluster_selection_epsilon 0.484 0.284

Table 11. Mean value and standard deviation of HDBSCAN
parameters for evaluation achieving 95% of the best AMI

over all non-GNN algorithms

Parameter mean S; mean St
min_cluster_size 0.345 0.697
min_samples 0.288 0.659
cluster_selection_epsilon 0.047 0.192

Table 12. Parameter sensitivity of HDBSCAN over all

GNN-based algorithms

For non-GNN algorithms, min_cluster_size is the main
responsible for variation in theaverage AMI value. On the

1374

Parameter mean value value StdDev
min_cluster_size 38 20
min_samples 44 22
cluster_selection_epsilon 0.506 0.288

Table 13. Mean value and standard deviation of HDBSCAN
parameters for evaluation achieving 95% of the best AMI
over all GNN-based algorithms

other end, GNN-based algorithms are sensitive to changes
in both in min_cluster_size and min_samples. It can be ex-
plained by the fact that non-GNN algorithms tend to pro-
duce embeddings where clusters of points are further apart.
Therefore, min_samples is an important parameter for sepa-
rating clusters in areas of the embedding space where points
from different communities overlap. Nevertheless, both cat-
egories of algorithm can achieve 95% of the best average
AMI with a wide range of parameters. More than half of
the evaluations for each algorithm achieve 95% of the best
average AMI. We conclude that, even if some parameter tun-
ing is required to maximize this metric, a reasonable choice
of parameters will always achieve good results in terms of
AMI.

II) Impact of Dimensionality

In this section we examine the choice of dimensional-
ity reduction applied to the produced embeddings. Clus-
tering algorithms are known to perform better on low-
dimensional data. As stated in the “Frequently Asked Ques-
tions” section of the documentation of HDBSCAN : “While
HDBSCAN can perform well on low to medium dimen-
sional data the performance tends to decrease significantly
as dimension increases.” (https://hdbscan.readthedocs.io/en/
latest/faq.html). This can be seen in the example presented
in Table 14 :

ndims =2
0.805

ndims = 64
0.773

ndims = 32
0.797

ndims = 16
0.795

Table 14. average AMI value of the TGN model for different
dimensions of embeddings on the new community scenario

As for the TGN, the best value in terms of average AMI
value is generally obtained with ndims=2. This comfort us
in our decision of reducing the dimensionality to 2. Further-
more, reducing the dimension of embeddings to 2 enables
easy visualization of the node embeddings and their evolu-
tion through time, as shown in Figure 3.

III) Comparison of our Method with Simple
Matching Strategy

In this section, we compare the proposed method with a
simple matching strategy inspired by (Greene, Doyle, and
Cunningham 2010). In the simple matching strategy, a Jac-
card coefficient is computed between each pair of clusters
C{ and C{,, found in adjacent snapshots. However, instead
of using a survival graph, two communities are matched if
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(a) Metrics on new community scenario
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(b) Metrics on merging community scenario
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(c) Metrics on fixed community scenario

Figure 4. Metrics for TGN, GAT, RandomWalk and
evolveGCN of simple matching strategy (red) against the
proposed method (blue)

1) the Jaccard coefficient exceed a given threshold similar
t0 Tsimilarity» 14) Cf is the most similar community at ¢ for
C{,, and iii) C{,, is the most similar community at ¢ + 1
for C’f. Adjusted Mutual Information (AMI), Adjusted Rand
Index (ARI), Fowlkes-Mallows Index (FMI), Homogene-
ity and Completeness are computed for the resulting com-
munities against ground truth. The results for TGN, GAT,
RandomWalk and evolveGCN are shown in Figure 4. We
chose to represent RandomWalk because it consistently per-
forms worst against the simple matching strategy using our
method.

We observe that, for these algorithms, our proposed
method is not better overall as RandomWalk performs
slightly better with the simple matching strategy. However,
TGN, GAT and evolveGCN perform better when using a
strategy that allows community matching across multiple
timesteps. We also observe a substantial improvement in
performance with our method on the merging community
scenario, where all algorithms struggle as shown in subsec-
tion Results for the proposed scenarios. This motivated us
to propose our method, as we believe that a matching strat-
egy using a broader number of steps of evolution simultane-
ously improves performance when performing community
detection using embeddings produced with GNN-based al-
gorithms.

1375



