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COMMUNITY DETECTION

• Community detection or “graph clustering”
‣ No formal definition
‣ Two informal definitions:

- groups of densely connected nodes, weakly connected to the rest of the network
- groups of nodes that “make sense” in real networks

‣ Too limited : Stochastic Block Models ?
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COMMUNITY DETECTION
• Numerous applications:

• groups of friends/colleagues in ego-networks

• structure of an organisation (company, laboratory…)

• topics in scientific networks

• groups of interest in social medias (politics, opinions, etc.)

• User de-anonymization

• …
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DYNAMIC NETWORKS

• Most real world networks evolve
‣ Nodes can appear/disappear
‣ Edges can appear/disappear
‣ Nature of relations can change

• How to represent those changes?



DYNAMIC NETWORKS
Relations Interactions

Long term
-Friend

-Colleague
-Family relation

-…

Short term ?
-Collaborators in the same 

project
-Same team in a game

-Attendees of the same meeting
-…

Instantaneous
-e-mail

-Text message
-Co-authoring

…

With duration
-Phone call

-Discussion in real life
-Participate in a same meeting

Semantic
level
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Relations Interactions

Graph series Link StreamsInterval graphs
DN={G1,G2…Gn}

Gi=(V,E)
E : VxV

DN=(V,E,T,DV)
DV: VxTxT
E: VxVxTxT

DN=(V,E,T)
E: VxVxT

Semantic
level

Representation
level
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E : VxV
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DYNAMIC NETWORKS
Relations InteractionsSemantic

level

Representation
level Graph series Link StreamsInterval graphs

File format Sequence of 
graphs

Temporal edge 
listInterval list

-Modification lists
-List of intervals

-1file by graph
-1 file with 
all graphs

-List of edges with
timestamps

AggregationSnapshot



DYNAMIC NETWORKS

Representation
level Graph series Link StreamsInterval graphs

Aggregation

Persistance

Discretization

(Reformulation)



DYNAMIC COMMUNITY 
DETECTION

Source : Dynamic community detection: a Survey
[Rossetti, Cazabet, 2018]



COMMUNITY DETECTION

Static networks Dynamic Networks

Sets of nodes  Sets of periods of nodes

156 link streams for modelling interactions over time and application to the analysis
of ip traffic

We propose here to model email exchanges directly as
link streams, i.e. series of triplets (t, a, b) meaning that
individuals a and b exchanged an email at time t. We
then introduce notions that capture both the temporal and
structural nature of these exchanges. We use a typical
dataset obtained from a public mailing-list archive to il-
lustrate our approach. We analyze this dataset using our
model, with a special focus on the properties of threads
within the whole archive. Our goal is to understand how
the now classical concept of communities in complex net-
works may translate to threads in link streams represent-
ing email exchanges. Indeed, we expect the exchanges of
a given thread to involve a specific set of individuals for a
specific period of time, thus being dense from both struc-
tural and temporal point of views. This is illustrated in
Figure A.1.

a
b
c
d

0 5 time15 2010

e

Figure A.1: An example of link stream
representing email exchanges between
individuals a, b, c, d and e, with threads
represented by colored areas. For
instance, at time 5, b and c exchange
an email, as well as d and e. Threads
are a priori dense series of exchanges
involving a limited group of nodes
during a limited period of time.

A.2 Dataset

Archives of exchanges in various mailing-lists are readily
available on the web, and studying them provides very
rich insights on various issues. They have the advantage of
being publicly available in many cases, and some involve
large amounts of users over long time periods.

A typical example is provided by Debian mailing
list [SPI, 2015]: it contains emails sent from over 51753
email addresses, over 20 years. In addition, exchanges in
this mailing-list have been studied in the past [Wang, 2014,
Sowe et al., 2006, Dorat et al., 2007]. Finally, this dataset
provides the thread information for each message, that we
can use as a ground truth. For all these reasons, we use in
this paper the Debian mailing list to illustrate and validate

[Viard 2016]



COMMUNITY DETECTION

Static networks Dynamic Networks

Sets of nodes  Sets of periods of nodes

[Viard 2016]
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Growth Contraction
t t+1 t t+1

Merging
t t+1

Splitting
t t+1

Birth
t t+1

Death
t t+1

t t+1 t+nt+n-1

Resurgence

Community events
(or operations)
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-Most similar ?
-Larger ?
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Growth Contraction

t t+1 t t+1

Merging
t t+1

Splitting
t t+1

Birth
t t+1

Death
t t+1

t t+1 t+nt+n-1

Resurgence

Which one persists ?
-Oldest ?

-Most similar ?
-Larger ?

-…

Ship of Theseus paradox
Sequence of small 

modification
=>Complete change



COMMUNITY DETECTION
Over 40 methods published, 

but barely any systematic comparison
(nor re-use)



COMMUNITY DETECTION

Snapshots/Temporal networks
SBM, Modularity, Conductance, …

Overlapping YES/NO



SCALABILITY

• Several types of complexity:
‣ Snapshots approaches: Complexity for a snapshot x #snapshots + added 

cost (matching…)
‣ Temporal networks: Complexity proportional to the number of 

modifications

• Can scale up to some limits: 
‣ Snapshots approaches: Hard part can be parallelized, but limit #snapshots
‣ Temporal networks: cannot be parallelized, but can study fast dynamic at 

low cost



COMMUNITY DETECTION
Chapitre 3. Conception d’un algorithme de détection de communautés dynamiques

Figure 3.25 – Visualisation de communautés dynamiques, par Rosvall et al. [RB10]

a cependant plusieurs inconvénients : il est di�cile de trouver une information précise

dessus, elle est parfois di�cile à lire, et elle reste limitée à de petits graphes. Surtout, elle

ne pourrait pas être utilisé pour des communautés vraiment complexes, dans lesquelles les

nœuds pourraient appartenir à plusieurs communautés, et en changeraient. La position de

chaque nœud sur l’axe vertical est en e↵et décidée en fonction de la communauté à laquelle

il appartient, et c’est cette position qui assure la visibilité des communautés. Si un nœud

appartient fortement à plusieurs communautés, il n’est plus possible de le placer à une

position pertinente.

– Rosvall et al [RB10] proposent une visualisation de très grande qualité, très pertinente dans

le cas de réseaux contenant relativement peu de communautés (Figure 3.25. Le point le

plus intéressant est que l’on peut représenter des fusions et des divisions de communautés.

Le problème est cependant qu’ici aussi, il n’est pas possible de prendre en compte le

recouvrement, un nœud ne peut appartenir qu’à une et une seule communauté. De plus,

comme on peut le voir sur l’illustration, cette méthode n’est adaptée qu’à des graphes dont

l’évolution n’est constitué que de quelques instantanés. Dans le cas de graphes contenant

de très nombreuses étapes, la visualisation deviendrait trop complexe pour vraiment être

utile. (Croisement des di↵érentes lignes, etc.)

La solution que nous avons adoptée devait répondre à trois exigences :

– Permettre de prendre en compte des communautés avec recouvrement

– Permettre de suivre le détail de l’évolution des communautés

– Permettre de représenter de grands graphes

Nous avons finalement opté pour une visualisation interactive. Au premier niveau de visualisa-

tion, seules les communautés sont représentées, comme montré sur la figure 3.26. Chaque ligne

horizontale correspond à une communauté, et on voit clairement ses dates de naissance et de

disparition. Il peut y avoir de nombreuses communautés sans que cela ne rende la visualisation

complexe.

Il est ensuite possible d’observer le détail de l’évolution de chacune de ces communautés (via

un simple clic dans la version intéractive). La visualisation est alors semblable, mais chaque ligne
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Rosvall et al. 2010

Some examples of applications



COMMUNITY DETECTION
3.4. Aspects pratiques

Figure 3:
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Figure 3.24 – Visualisation de communautés dynamiques, par Mucha et al. [MRM+10]

De manière à ce que le graphe reste cohérent au cours de la vidéo, les nœuds sont positionnés

à l’aide d’un modèle masse ressort qui se met à jour à chaque modification du réseau. Les nœuds

et liens non modifiés par la dernière modification du réseau restent donc approximativement à la

même place. La bibliothèque GraphStream [DGO+07], spécialement développée pour travailler

avec des graphes dynamiques, a été utilisée pour développer cet outil.

On peut voir quelques illustrations tirées d’une vidéo représentant l’évolution d’un réseau

réel sur la figure 3.23 Cette vidéo peut être générée automatiquement à partir du format de

fichier TNF que nous avons décrit précédemment.

L’inconvénient principal de cette méthode est qu’elle ne permet pas de visualiser de grands

réseaux complexes. Comme pour toute visualisation de réseaux, les graphes très denses et com-

portant beaucoup de nœuds ne peuvent être représentés sous cette forme, a fortiori un réseau

dynamique.

Représentation statique de communautés dynamiques

Pour visualiser plus e�cacement des communautés dynamiques, une autre solution consiste

à en proposer une visualisation statique. Cette approche a déjà été adoptée dans la littérature

auparavant. Deux solutions ont été proposées :

– Mucha et al. [MRM+10] utilisent une visualisation dans laquelle les nœuds ont une place

fixe sur l’axe des ordonnées, tandis que le temps est sur l’axe des abscisses. 3.24. Cette

visualisation permet de bien voir le renouvellement des nœuds des communautés, elle
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R : Républicains
D : Démocrates Mucha et al.  2010



COMMUNITY DETECTION
Chapitre 3. Conception d’un algorithme de détection de communautés dynamiques

199919981997199619951994 2001 2002 2003 2004 2005 2006 2007

Figure 3.26 – Visualisation statique de communautés dynamiques. Chaque ligne horizontale
correspond à une communauté. On peut observer les dates de début et de fin des communautés.
Un clic sur une de ces communautés a�che le détail de son évolution.

Il est ensuite possible d’observer le détail de l’évolution de chacune de ces communautés (via

un simple clic dans la version intéractive). La visualisation est alors semblable, mais chaque ligne

correspond désormais à un nœud, et ses dates de début et de fin correspondent au moment où

il a intégré puis quitté la communauté.

Le recouvrement, bien que n’étant pas expressément représenté, ne pose donc pas de problème

de visualisation : le nœud apparait dans le détail de chacune des communautés auxquelles il

appartient.

3.4.3 Graphes aptes à être étudiés

La littérature est riche de nombreux travaux consistant à transformer des données réelles

collectées sur le terrain en un réseau pouvant être étudié de manière statique. On peut citer,

par exemple, la création de réseaux de co-auteurs à partir de bases de publications, ou les

mécanismes d’agrégations permettant de créer un réseau statique à partir d’interactions répétées.

Par exemple, lorsque l’on souhaite étudier le réseau formé par des appels téléphoniques entre

individus sur une période donnée, on peut attribuer un lien entre chaque individu ayant appelé

un autre au moins une fois. On peut également attribuer un poids à chacun des liens pour

représenter le nombre d’appels entre ces individus. Pour éliminer du bruit dans le réseau, il

est également possible de définir un seuil, et tout lien dont le poids sera en-dessous de ce seuil

sera éliminé. Il existe ainsi de nombreux procédés pour créer des réseaux statiques à partir de

données qui n’en sont pas sous leur forme d’origine, ou pour rendre des réseaux de terrain plus

pertinents, plus faciles à étudier.

Dans le cas des réseaux temporels, peu de travaux ont été faits sur le sujet. Au cours de nos

recherches, nous avons été amené à travailler sur ces aspects, et certains d’entre eux nous ont

semblé importants à décrire ici.
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DCD IN PRACTICE

• Tests on synthetic networks 
‣ We know what we want to find
‣ We run algorithms and check the results

• Tests on real networks
‣ Start from a real dataset
‣ Transform into an appropriate dynamic network (if needed)
‣ Run algorithms and try to interpret results



SYNTHETIC NETWORK

• Using a dynamic network generator

• Testing several cases:
‣ Continuation
‣ Growth / Shrink
‣ Merge
‣ Division
‣ Birth / Death
‣ Theseus boat
‣ Migration
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SYNTHETIC NETWORK

Time

n1
n2
…
…

…



SYNTHETIC NETWORK

Alive node, no known community

Node not present



SYNTHETIC NETWORK
Migration



SYNTHETIC NETWORK
Theseus boat



SYNTHETIC NETWORK
Birth and death



SYNTHETIC NETWORK
Merge



SYNTHETIC NETWORK
Division



SYNTHETIC NETWORK
Instant Optimal:

Greene et al. 2011

Temporal trade-off:
Cazabet et al. 2010

Cross-Time:
Mucha et al. 2010



SYNTHETIC NETWORK
Instant Optimal:

Greene et al. 2011

• Input : a graph series

• Algorithm:

• Detect communities on each snapshot using static algo

• Compute Jaccard similarity between each pair of 
communities in successive graphs

• Associate communities with similarity>Threshold



SYNTHETIC NETWORK
Instant Optimal:

Greene et al. 2011



SYNTHETIC NETWORK
Instant Optimal:

Greene et al. 2011

Instability
Problems



SYNTHETIC NETWORK
Temporal trade-off:
Cazabet et al. 2010

• Input : an ordered list of modifications

• Algorithm:
‣ For each edge creation:

- Decide locally to update involved communities (density>Threshold)
- Decide locally to create a new community (new clique size>k outside communities)

‣ For each edge deletion:
- Decide locally to update involved communities (density < Threshold)
- Decide locally to delete communities (nb nodes < k)



SYNTHETIC NETWORK
Temporal trade-off:
Cazabet et al. 2010



SYNTHETIC NETWORK
Temporal trade-off:
Cazabet et al. 2010

Artefacts

“fragile” 
communities



SYNTHETIC NETWORK

• Input : a graph series

• Optimise a global quality function, with two parts:
‣ A weighted average of the modularity at each snapshot
‣ A metric of node stability (max when all nodes always in the same community)

• A parameter ω allows to tune which aspect is more 
important

Cross-Time:
Mucha et al. 2010



SYNTHETIC NETWORK
Cross-Time:

Mucha et al. 2010



CONCLUSION

• Work in progress : 
‣ compare more methods
‣ test on more datasets



GRAPH EMBEDDING FOR 
DYNAMIC COMMUNITY 

DETECTION



NETWORK EMBEDDING

• Have attracted a lot of attention in the last 3 years

• Deepwalk: 2014: 765 citations

• Node2vec: 2016: 536 citation

• Survey by Goyal/ferrara: end of 2017, 43 citations

• Methods using matrix factorization, random walks, deep 
learning…



IN CONCRETE TERMS

• A graph is composed of
‣ Nodes (possibly with labels)
‣ Edges (possibly directed, with labels)

• A graph embedding technique in d dimension will assign a 
vector of length d to each node, that will be useful for *what 
we want to do with the graph*.

• A vector can be assigned to an edge (u,v) by combining 
vectors of u and v using *your favorite operation*



WHY EMBEDDINGS ?
• Machine Learning/Data mining/IA techniques => very popular 

and quite successful for supervised and unsupervised tasks.

• These techniques take as input vectors (and only vectors). 

• Vectors must contain all relevant information and be as small 
as possible

• ==>Transform graphs into vectors (of low dimensions). 

• Some methods are highly scalable, for instance based on 
skipgram



NAIVE EXEMPLE OF 
EMBEDDING

Optimize a cost function defined as:
Distance in the graph- Distance in the embedding



COMMUNITY DETECTION 
USING EMBEDDINGS



VISUALLY
Figure 3: MAP of graph reconstruction for di↵erent data sets with varying dimensions.

(a) LLE (b) GF (c) node2vec

(d) HOPE (e) SDNE (f) LE

Figure 4: Visualization of SBM using t-SNE (original dimension of embedding is 128). Each point corresponds to a node in the graph. Color of a node denotes its
community.

11

SBM, 3 communities, intern:0.1, extern 0.01



MAIN IDEA

• 1) Embed a graph

• 2) Use clustering method to find communities

• It is also possible to to “supervised” cluster detection, which 
corresponds to node classification (discover labels of nodes)



EMPIRICALLY
Real networks, try k-means++ with 2<=k<=50,

Keep highest modularity WWW 2018, April 23–27, 2018, Lyon, France Anton Tsitsulin, Davide Mo�in, Panagiotis Karras, and Emmanuel Müller

labelled nodes, %
method 1% 3% 5% 7% 9%
�VERSE 58.32 61.01 61.74 62.26 62.50
VERSE 57.89 60.53 61.43 61.86 62.13
D���W��� 58.22 60.93 61.79 62.17 62.49
LINE 60.39 62.83 63.58 64.01 64.23
HOPE 54.88 56.65 57.04 57.40 57.68
��VERSE 58.87 61.67 62.50 62.97 63.16
N���2��� 58.85 61.79 62.62 63.04 63.30
Table 8: Multi-class classi�cation results in VK dataset.

labelled nodes, %
method 1% 3% 5% 7% 9%
VERSE 17.92 22.26 24.07 25.07 25.99
D���W��� 18.16 21.55 22.89 23.64 24.54
LINE 13.71 17.36 18.69 19.84 20.64
HOPE 9.22 13.80 15.09 16.18 16.78
��VERSE 18.16 22.84 25.40 27.38 29.09
Table 9:Multi-label classi�cation results inYouTube dataset.

labelled nodes, %
method 1% 3% 5% 7% 9%
VERSE 25.16 28.22 29.60 31.46 32.63
D���W��� 24.21 27.99 29.63 30.60 31.27
LINE 26.79 30.89 32.34 32.92 33.65
��VERSE 27.73 30.70 32.73 34.00 35.20
Table 10: Multi-class classi�cation results in Orkut dataset.

We also assess graph embeddings on their ability to capture the
graph community structure. We apply k-means with di�erent k
values between 2 and 50 and select the best modularity [32] score.
Table 12 presents our results, along with the modularity obtained by
the Louvain method, the state-of-the-art modularity maximization
algorithm [9]. VERSE variants produce result almost equal that
those of Louvain, outperforming previous methods, while the three
methods that could manage the Orkut data perform similarly.

method CoCit VK
�VERSE 33.22 9.24
VERSE 32.93 7.62
D���W��� 34.33 7.59
LINE 18.79 7.49
G��R�� 27.43 —
HOPE 19.05 6.47
��VERSE 33.24 8.77
N���2��� 32.84 8.05
Louvain 30.73 4.54

Table 11: Node clustering results in terms of NMI.

4.4 Graph Reconstruction
Good graph embeddings should preserve the graph structure in the
embedding space. We evaluate the performance of our method on
reconstructing the graph’s adjacency matrix. Since each adjacent

method CoCit CoAuthor VK YouTube Orkut
�VERSE 70.12 80.95 44.59 — —
VERSE 69.43 79.25 45.78 67.63 42.64
D���W��� 70.04 73.83 43.30 58.08 44.66
LINE 60.02 71.58 39.65 63.40 42.59
G��R�� 67.61 77.40 — — —
HOPE 42.45 69.57 21.70 37.94 —
��VERSE 69.81 79.31 45.84 69.13 —
N���2��� 70.06 75.78 44.27 — —
Louvain 72.05 84.29 46.60 71.06 —
Table 12: Node clustering results in terms of modularity.

node should be close in the embedding space, we �rst sort any
node other than the one considered by decreasing cosine distance
among the vectors. Afterwards, we take a number of nodes equal
to the actual degree of the node in the graph and connect to the
considered node to create the graph structure.

Table 13 reports the relative accuracy measured as the number
of correct nodes in the neighborhood of a node in the embedding
space. Again, VERSE performs comparably well; its exhaustive
variant, �VERSE, which harnesses the full similarity does even
better; however, the top performer is ��VERSE, which achieves the
obtained result when instantiated to the Adjacency Similarity. This
result is unsurprising, given that the adjacency similarity measure
tailors ��VERSE for the task of graph reconstruction.

method CoCit CoAuthor VK YouTube Orkut
�VERSE 88.96 98.20 66.45 — —
VERSE 58.73 74.30 50.18 28.64 18.39
D���W��� 51.54 68.44 43.04 32.21 19.75
LINE 23.32 62.01 42.80 17.76 10.82
G��R�� 67.61 77.40 — — —
HOPE 25.88 49.70 12.01 33.42 —
��VERSE 97.53 98.91 78.38 38.34 28.81
N���2��� 66.35 72.70 53.70 — —

Table 13: Graph reconstruction % for all datasets.

4.5 Parameter Sensitivity
We also evaluate the sensitivity of VERSE to parameter choice.
Figures 4(a),4(b) depict node classi�cation performance in terms of
Micro-F1 on the BlogCatalog dataset, with 10% of nodes labeled.

The dimensionality d determines the size of the embedding,
and hence the possibility to compute more �ne-grained representa-
tions. The performance grows linearly as the number of dimensions
approaches 128, while with larger d we observe no further improve-
ment. Sampled VERSE instead, performs comparably better than
�VERSE in low dimensional spaces, but degrades as d becomes
larger than 128; this behavior re�ects a characteristic of node sam-
pling that tends to preserve similarities of close neighborhoods in
low-dimensional embeddings, while the VERSE leverages the entire
graph structure for larger dimensionality

The last parameter we study is the damping factor � which
amounts to the inverse of the probability of restarting random
walks from the initial node. As shown in Figure 4(b), the quality

Argument: “more scalable than Louvain”



EMBEDDING DYNAMIC 
NETWORKS



OVERVIEW

• The embedding captures both 
‣ Structural similarity
‣ Temporal similarity / temporal accessibility



STATE OF THE ART

• Diachronic Word Embeddings Reveal Statistical Laws of Semantic Change (2016) (snapshot 
by snapshot)

• Scalable Temporal Latent Space Inference for Link Prediction in Dynamic Social Networks 
(2016)(smoothed snapshots)

• DynGEM: Deep Embedding Method for Dynamic Graphs (2018)(Deep auto encoder, 
incremental learning on snapshots

• Combining Temporal Aspects of Dynamic Networks with node2vec for a more Efficient 
Dynamic Link Prediction (To Be Published/2018) (node2vec using time-aware random 
walks)

• To be published: Marton Karsai et al.
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