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A General Optimization Technique for High Quality
Community Detection in Complex Networks

MHOFVIe CTpaTernn BblgeneHns COO6L|J.€CTB NCNOJIb3YHOT!:
e CoepuHeHune gByx COOBLIECTE B OHO
e PasbueHue coobuiecTsa Ha aBa
e [lepemelueHne BeplwmnH N3 0AHOro coobliecTea B gpyroe

Bynem uncnonb3oBaTh BCe Tpu



A General Optimization Technique for High Quality
Community Detection in Complex Networks

Procedure PerformKernighanLinShifts(origin, dest)
Calculate gains from moving each node to opposite community;
for i « 1 to size of origin community do
Perform temporary movement that produces mazximal gain;
Remember current gain and moved node;
Recalculate all gains;
Retrieve the movements leading to a mazimal gain among intermediately calculated
and perform them;

MNosicheHus:
e Co3aaem Cnncok U3 BCEX BEPLUMH oOfigin

e [locne nepeMeLLEeHNsA BEPLUNHBI OHA YAANAETCA U3 CNNCKa
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Procedure ReCalculateGain(origin, dest)
if dest is new community and we already have max_communities then

5 return;
efine and initialize number_of_tries;
for tryl < 1 to number_of_tries do
foreach vertexr v from origin community do
Af move v to dest or leave in origin with equal probability;
alculate new gain, assign zero to previous gain;
while new gain > previous gain do
}_ PerformKernighanLinShifts (origin, dest);
if achieved gain is greater then current maximum then
| Remember current partition and gain;

[MosicHeHus:

e number_of tries Hy)eH Ans kOMnNeHcauuy cay4aiiHOCTh Npu
BbIbOpe BepLInH

e PerformKernighanLinShifts cuutaer new gain



A General Optimization Technique for High Quality
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Initialize variables for storing partitions and their gains;
for each pair (origin,dest) of communities do // dest may be empty community
// Calculate best gain from moving nodes from origin to dest
ReCalculateGain (origin, dest);
while BestGain() > THRESHOLD do
PerformMove (best_origin, best_dest, best_partition);
// Update gains for changed communities
for each community i do
ReCalculateGain(best_origin, ¢); ReCalculateGain(4, best_origin);
L ReCalculateGain(best_dest, i); ReCalculateGain(i, best_dest);

Procedure PerformMove (origin, dest, partition)
| Move nodes from origin to dest according to partition;

Procedure BestGain ()
Select from remembered partitions one with the best gain;
Return this gain and corresponding best_origin, best_dest and best_partition;



A General Optimization Technique for High Quality
Community Detection in Complex Networks

% from max score

Louvain Martelot NGA Sp+Ref SA EO  Combo

FIG. 3. (Color online) Performance of algorithms as average percent of their resulting modularity
score to the maximum, achieved by the best algorithm.

TECTI/IpOBaﬂOCb KaK Mo pe€asibHbIM, TaK U NO NCKYCTBEHHbLIM aAHHbIM
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FIG. 5. (Colored online) Partitioning of a network based on the number of all calls entertained
between each pair of locations. A minimal variation in modularity (less than 1 percent) can
turn into a sizable difference in partitioning. Here the Combo results show cleaner geographical
separation of communities and are substantially more similar to official administrative divisions
with modularity equal to 0.6753 and NMI = 0.804, compared to modularity = 0.6710 and NMI
= 0.703 for Louvain.
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High Quality, Scalable and Parallel Community Detection for

Large Real Graphs

CneuymnansHas metpuka WCC:

BasnpyeTca Ha naee o ToM, 4TO BEPOSITHOCTL 0bpa3oBaHus

TPEeyrofabHMKa U3 BEPLINH B COODLLECTBE BbILLE, YEM MEXAY

coobuiecTeamu

Nan rpad G(V, E)

t(x, C) — KONNYeCTBO TPeyrosbHNKOB, KOTOpble 0Opa30BaHbI
BepwmHamn C, cogepxawime X

vt(x, C) — konuyectso Bepwmnt B C, KOTOpbIE COAEPXKATCS B
TpeyrosibHuKe ¢ X 1 noboii apyroii BepLunHoili B rpade

Henocpep,CTBeHHo METpPUKa:

t(z,C) vt(z, V)
t(z,V) |C\{z}| +vt(z,V\C)

WCC(z,C) =



High Quality, Scalable and Parallel Community Detection for
Large Real Graphs

WNunymnanunsauus:

e [Ipenpoueccunr: ybepem Bce pebpa, KOTOpbIE HE BXOAST B
TPeyrofbHUKN

e [locTpoum HavanbHoe pasbueHne o4eHb NPOCTLIM aAropUTMOM
(copTupyem BepLUMHbI MO KO3PULNEHTY KacTepu3aynm,
3aTeM A5 Cnucka npoberaeM BCe HEMOCELUEHHbIE BEPLUMNHbI,
nobaensas B coobLLECTBO BCEX cocefeil NpocMaTpUBaemol
BEPLUNHbI)



High Quality, Scalable and Parallel Community Detection for
Large Real Graphs

Data: Given a graph G(V,E) and a partition P
Result: A refined partition P’

newP « P;

newWCC « computeWCC(P);

repeat

WCC’ + newWCC;

P’ «+ newP;

M « ;

foreach vin V do

| M.add( bestMovement(v,P) );
end

newP « applyMovements(M,P’);
newWCC + computeWCC(newP);
until (newWCC — WCC")/WCC" > t;

return P’;
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Algorithm 2: Phase 2, refinement.
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[MosicHeHus:
e AgsToOpbl coBeTytoT BbIbUpaTh Nopor 1%

e bestmovement He usmenseT pa36|/|eHV|e 1 MOXET ObITb TaKUM:

@ OcTaBuTb Kak ecTb

@® WN3baTb us coobuiectsa 1 NepeMecTuTb B COOBLLECTBO TOJILKO
N3 3TOl BEPLUMHBI

© [lNepemectuTs 13 ogHoro coobuiecTsa B Apyroe



High Quality, Scalable and Parallel Community Detection for
Large Real Graphs

Data: Given a graph G(V,E) a partition P
and a vertex v
Result: Computes the best movement of v.
m « [NO_ACTION];
sourceC + GetCommunity(v,P);
weer  WCCr(v,sourceC);
weet + 0.0;
bestC « ();
Candidates + candidateCommunities(v,P);
for ¢ in Candidates do
aux + WCCr(v,sourceC,c) ;
if auzr > weet then
wee_t < aux;
bestC + c;
end
end
if weer > weet and weer > 0.0 then
| m <« [REMOVE];
else if wcet > 0.0 then
| m <« [TRANSFER , bestC];
end
19 return m;
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Algorithm 3: bestMovement.
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Figure 6: NMI using ground truth.
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Efficient Community Detection in Large Networks using
Content and Links

Mycte pan rpacd G = (V, &, T)
T =t41,...,t,, aonemeHtamn t; ABASIOTCA €ANHNLbLI KOHTEHTA
Takue, Kak C/I0Ba, Tarn, n-rpamMmbl

1. Create content edges

Term vectors T H Content edges &, 3. Sample edges with bias

T

2. Combine edges | Edge union &, F

Edge subset Eqrmpie

|

‘ Topological edges & 4. Cluster| Clustering C




Efficient Community Detection in Large Networks using
Content and Links

BxogHble napameTpbl anroputMa:
@ lpad
@ k — konnuecTBo BaAMXKaMLLINX KOHTEKCTHBIX COCEAEl K BEPLUMHE
© similarity(x, y)
@ normalize(x)

@ « — napameTp, yToYHstOWMI BeCca Npu KoMbuHaumm
KOHTEKCTHOW 1 TOMONIOrMYeCcKoin nHdopmMarum

@ | — enaemoe KOMHECTBO KNACTEPOB

@ clusteralgo(G,1)



Efficient Community Detection in Large Networks using
Content and Links

Ec+ 10
for i = 1to |V| do
foreach v; € TopK (v;, k,T) do
Ee — E U (vi,v5)
end for
end for

MNosicHeHuns:
e Ton K cxoxux cHMTaeTcs No KOCUHYCHO METPUKE BEKTOPOB,
noay4deHHbix ¢ nomowsto TF-IDF



Efficient Community Detection in Large Networks using
Content and Links

Eu+ELUE,
Estwnple — @
fori= 1t |V|do
\\I'; contains v;’s neighbors in the edge union
T < ngbr(v;, &)
for j = 1to |I';] do stmt;; < similarity(ngbr(v, &), ngbr(v;, &)
simnorm!; « normalize(sim?;)
for j = 110 || do sim®;; + similarity(t;,t.;)
stmnorm®; + normalize(sim®;)
for j = 1to |T;| do simn; « a- simnormt;; + (1 — o) - simnorm®;
\\Sort similarity values in descending order. Store the corresponding node IDs
inidx;
[val;, idx;] + descsort(sim;)

for j=1to [\/\F.ﬂ do
ga'arn;ule — Esa.nzple u] ('Ui: UJAIH )
end for
end for
gsarnple — (V;gsam;ule)
C + clusteralgo(Gsampie, 1) \\Partition into [ clusters
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Figure 5: Experiment Results on Flickr
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