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Evolving networks

• Massive data collection 

• Device network (Computer, phone, videogames) 

• Social interactions: real and virtual 

• Activities in general 

• Almost all “user” activities are now steadily recorded, more and more 
without personal consent (Google glasses)

We are recording 
you and it is kept 
in servers forever 
whether you like 

it or not



Evolving networks

• Applications (the good and the bad) 

• Epidemiology, vaccination planning, home searching, dating, privacy 
protection strategy design,... 

• Biology: evolution, gene interactions 

• Viral marketing, add targeting, surveillance, individual tracking/
searching, to be discovered,...

We are recording 
you and it is kept 
in servers forever 
whether you like 

it or not



Evolving networks

• One key particularity  

• Dynamicity is a key feature  
Connectivity may only be seen through the dynamics:  
Each snapshot is very sparse 

➡ We don’t know yet how to handle dynamicity nor what to look at 
exactly...

We are recording 
you and it is kept 
in servers forever 
whether you like 

it or not



Understanding  
Evolving networks

• Only basic properties have been discovered yet: 
• Global: power laws on degree distribution 
• Dynamic: preferential attachments, copy-paste processes 
• Many phenomenon to be explained: 

• Smallworld phenomenon 
• Social interaction 
• Better predictions 

➡ Need for proper and informative representations 
!
!

• The dynamics conveys informations  
yet to be discovered: 

• Zebra social interactions  
[Kempe et al, 2007] 

• Medieval gets facebook  
treatment 
[Boulet et al, 2008]
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Table 4: A heuristic coloring using Jaccard simi-
larity on the Southern Women data set under cost
setting (α, β1, β2, γ) = (1, 1, 1, 1). Cost=44

Cost OPT Jaccard JaccardD

High i-cost 41 44 56
High g-cost 70 80 87

Table 5: Cost comparison for Southern Women

heuristics is deferred to the full version.
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Figure 7: Aggregate social network of zebras

6. CONCLUSIONS
We have presented a framework for identifying communi-

ties and their dynamics in social networks, and shown that
the results are meaningful by comparing them with tradi-
tional methods. For the Southern Women data set, our
methods can identify the same communities as the tradi-
tional methods (the 21 methods in [13]). In fact, several
traditional methods for community identification are spe-
cial cases of the proposed framework. Moreover, our method
also gives more insight into the dynamics of communities,
answering questions such as who changes from which com-
munity to which, and when.

Although our approach can find good communities, we
showed that finding optimal colorings is NP-hard. We have
presented heuristic algorithms which find near optimal solu-
tions in practice. The next step is to devise approximation
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Figure 8: Coloring obtained with greedy heuristic
and costs (α, β1, β2, γ) = (1, 0, 1, 1).

algorithms with provable guarantees in place of the heuris-
tics used for our evaluations.

Finally, we have not investigated in full the scalability
of the proposed heuristics to large networks observed over
long time periods. This is an important property of all al-
gorithms applied to current network datasets and needs to
be addressed in the future.
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Visualizing 
Evolving networks

Social networks 

examples

Disease spreading 

through human 

contacts

Blogs network

6

• Yet, no satisfying representation of (static) interaction networks 
• A mess as soon as #nodes > 40...  
• How to obtain informative representation?



Visualizing 
Evolving networks

• Yet, no satisfying representation of (static) interaction networks 
• A mess as soon as #nodes > 40... Movies are even worse! 
• How to obtain informative representation?



Visualizing 
Evolving networks

I need a representation to  
decide what to observe

I can design a good representation  
but I need to know what to observe

Network scientist Designer



Some interesting representations

• Need for a global view of the dynamics 
• Static representations of the dynamics, ex: flowcharts 

• Need for a good clusterization... 
evolving with time Andrew DeGraff 

The “Empire strikes back” movie in one painting (1988)



Dynamic clustering

• Feature to capture: 
• Groups are stable for a while, and 

then, sudden and drastic changes 
occur inducing a reorganization of 
the groups 

!
• Our proposition, a trade-off between: 

• (static) Quality of the clustering 
• small diameter,  
• small inter-distances, 
• large extra-distances, etc. 

• Stability of the clustering 
• pay for changes so that it occurs 

for a good reason



• n points x1,...,xn (the clients) moving around in a some space X
• m points f1,…,fm (the facilities) moving around in X
• Time is discrete from 1 to T: dt(i, j) = distance from fi to xj at time t

• Goal: Open facilities and attach the clients to open facilities s.t.
• Only few facilities should be open: open costs f
• Each cluster is good according to the metric: total connexion length
• Clusters should remain stable unless big changes occur: g per change

Dynamic cluster: our model  
Dynamic facility location
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Dynamic clustering vs static clustering

• Dynamic clustering captures better the dynamics

Every point is at the same time both a client and a facility

Optimal Dynamic Facility Location Optimal Static Facility Location



Dynamic clustering vs static clustering

• Dynamic clustering captures better the dynamics

Every point is at the same time both a client and a facility

Optimal Dynamic Facility Location Optimal Static Facility Location

Ω(T) facility 
changes



• Dynamic clustering captures better the dynamics 

Theorem. A sequence of optimal static facility locations can cost as 
much as Ω(n) or Ω(T) times as an optimal dynamic facility location.

Dynamic clustering vs static clustering

Optimal Dynamic Facility Location Optimal Static Facility Location

t = 1

t = 2

t = 3



• Dynamic clustering captures better the dynamics 

Theorem. A sequence of optimal static facility locations can cost as 
much as Ω(n) or Ω(T) times as an optimal dynamic facility location.

Dynamic clustering vs static clustering

Optimal Dynamic Facility Location Optimal Static Facility Location

t = 1

t = 2

t = 3

Ω(n) facility 
changes



Dynamic clustering vs  
online/streaming clustering

• Online/streaming clustering are over-pessimistic 
• We know the whole evolution from the start (it is a post-treatment) 
• We can thus anticipate upcoming changes 
• Furthermore, existing algorithms study different objectives:  

• Points/edges appear one a!er the other and do not move later on 
!

• One hope: dynamics should (paradoxically) help us design better 
static clustering (at least in practice) because 
• snapshots are too sparse 
• stability is a strong indicator  
• A key step: designing the right metric from the snapshots...



Linear program

• xijt = 1 ssi Client j is attached to Facility i at time t 

• yi = 1 ssi Facility i is open 

• zijt = 1 ssi Client j le! Facility i between time t and t+1
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Linear program

• xijt = 1 ssi Client j is attached to Facility i at time t 
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• zijt = 1 ssi Client j le! Facility i between time t and t+1
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• Sample facilities so that every client is 
covered at the right cost: 

• Sample O(log nT) facilities independently 
at random according to the (yi)  

• Decide when a client should changes to 
another facility: 

• For each client j, partition the time into 
intervals t1 = 1 < t2 < … < tλ = T+1  
such that: for all k,   
!

• Decide to which facility it should change 
• For each interval, connect Client j to the 

cheapest sampled facility for this interval

Approximation algorithm

Three problems to solve:
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Sum of the minimum contribution to the opening 
of each facility i by Client j over the time interval

This contraints means that the average 
attachment of Client j to some facility 

decreases by ≥ 1/2 during the time interval 
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Theorem. This is a O(log nT)-approximation: 
Pr{ cost ≤ 4 log(2nT) • LP } ≥ 1/4 

!
Lemma 1. The z-term of each client j pays for 
the facility change at the end of each interval:  
    for all j and k,                                                . 

Lemma 2. Since in each time interval, we have 

                                                                         , 

sampling facilities according to the (yi) is close 
enough to sampling according to the (xtij) for 
all (i,t) with high probability.

Approximation algorithm



Cost of facility change OK
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Cost of facility change OK

Theorem. This is a O(log nT)-approximation: 
Pr{ cost ≤ 4 log(2nT) • LP } ≥ 1/4 

!
Lemma 1. The z-term of each client j pays for 
the facility change at the end of each interval:  
    for all j and k,                                                . 

Lemma 2. Since in each time interval, we have 

                                                                         , 

sampling facilities according to the (yi) is close 
enough to sampling according to the (xtij) for 
all (i,t) with high probability.

Approximation algorithm

Distance cost OK : at least one facility is 
sampled according to the (xt

ij)



Hardness result

• Theorem. Unless NP ⊆ DTIME(nO(log log n)),  
there is no o(log T)-approximation for the dynamic facility location 
problem, even in the metric case with only 1 client and 2 positions! 

Proof. Reduction from Set-Cover: S1,…,Sm ⊆ [T], f = 1, g = 0, d ≫ 1

d
t = 1

t = 2

t = 6

t = 3

t = 4

t = 5
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d
t = 1

t = 2

t = 6

t ∈ Set Si 
⟺ 

Facility i on the le$ at time t

ex: S2 = { 1, 3, 4, 5 }, T = 6

A solution of cost k•f 
⟺ 

A solution with k facilities  
covering the client

⟺ 
A set cover with k sets

The client
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Conclusion

• Unexpected complexity:  
no o(log nT)-approximation even in the metric case with two positions and one client! 

• Our O(log nT)-approximation extends to the hourly opening cost case  
where facilities open and close and we pay f  for each open facilities at each time step 
!

• Some questions:  
• Is there a O(1)-approximation for the hourly opening cost case? 
• Are made-up random instances easier? 
• The problem seems to be very sensitive to the distance metric: 

• What about minimizing the diameters of the clusters? 
• What about the k-clustering problem?  
➡ First studies reveal unexpectedly complex behaviors even in very simple 

case such as the points moving along the line  
[Fernandes, Oshiro, Regnault, S., 2013] 

• How to exploit these results to improve dynamic graphs visualization?

Thank you !


