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Ñîâðåìåííûå ìåòîäû âûäåëåíèÿ ñîîáùåñòâ â ñîöèàëüíûõ ñåòÿõ
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1ÌÃÒÓ èì. Í.Ý. Áàóìàíà, Ìîñêâà, Ðîññèÿ

Â ñòàòüå ïðèâåäåí îáçîð îñíîâíûõ ïîäõîäîâ ê âûäåëåíèþ ñîîáùåñòâ â ñîöèàëüíûõ ñåòÿõ. Ðàñ-
ïðîñòðàíåííûé ñïîñîá ðåøåíèÿ ýòîé çàäà÷è çàêëþ÷àåòñÿ â ïðèìåíåíèè îäíîãî èç àëãîðèòìîâ
êëàñòåðèçàöèè ãðàôîâ ê ñîöèàëüíîé ñåòè. Îäíàêî ñîöèàëüíûå ñåòè èìåþò ðÿä îñîáåííîñòåé: ñî-
îáùåñòâà ìîãóò ïåðåñåêàòüñÿ è èìåòü èåðàðõè÷åñêóþ ñòðóêòóðó, à ñ âåðøèíàìè îáû÷íî ñâÿçàíî
ìíîæåñòâî àòðèáóòîâ. Ïðè ýòîì èíôîðìàöèÿ îá àòðèáóòàõ âåðøèíìîæåò ÷àñòè÷íî îòñóòñòâîâàòü.
Ïîýòîìó ñòîèò èñïîëüçîâàòü, àëãîðèòìûðàçðàáîòàííûå ñ ó÷åòîì ýòèõ îñîáåííîñòåé. Îäíàêî äàæå
ñàìûå ïðîäâèíóòûå ìåòîäû íå ìîãóò äàòü ðåçóëüòàòû, áëèçêèå ê ýòàëîííûì ïîêðûòèÿì, ñîçäàí-
íûìè ÷åëîâåêîì-ýêñïåðòîì. Â äàííîé îáëàñòè ñòîèò îæèäàòü ñîâåðøåíñòâîâàíèÿ ñóùåñòâóþùèõ
àëãîðèòìîâ è ïîÿâëåíèÿ íîâûõ.

Êëþ÷åâûå ñëîâà: âûäåëåíèå ñîîáùåñòâ; ñîöèàëüíûé ãðàô; ñîöèàëüíàÿ ñåòü

Ââåäåíèå

Õîðîøîèçâåñòíî, ÷òîìíîãèå åñòåñòâåííûå ñåòè èìåþòíåîäíîðîäíóþñòðóêòóðó. Ìåæäó
íåêîòîðûìè ãðóïïàìè âåðøèí áîëüøå ñâÿçåé, ÷åì â ñðåäíåì â ãðàôå | òàêèå <óïëîòíåíèÿ>
íàçûâàþò êëàñòåðàìè èëè ñîîáùåñòâàìè. Ñîöèàëüíûå ñåòè, ò.å. ãðàôû â êîòîðûõ âåðøèíû
ñîîòâåòñòâóþò ëþäÿì, à ðåáðà| íåêîòîðûì ñâÿçÿì ìåæäó íèìè, íå ÿâëÿþòñÿ èñêëþ÷åíèåì.
Ê ñîæàëåíèþ, â íàñòîÿùèé ìîìåíò íå ñóùåñòâóåò îáùåïðèíÿòîãî îïðåäåëåíèÿ ñîîá-

ùåñòâà [1, 2, 3]. Áîëåå òîãî, îïðåäåëåíèå ñîîáùåñòâà ìîæåò âàðüèðîâàòüñÿ â çàâèñèìîñòè
îò ïðåäìåòíîé îáëàñòè è äàæå ðåøàåìîé çàäà÷è. Ïîýòîìó áóäåì íàçûâàòü ñîîáùåñòâîì
Ci(Vi, Ei) ëþáîé âåðøèííî-ïîðîæäåííûé ïîäãðàô ñîöèàëüíîãî ãðàôà G(V, E):

Vi ⊆ V, Ei ⊆ E : ∀{v, w} ∈ Ei =⇒ v ∈ Vi, w ∈ Vi.

Ìíîæåñòâî ñîîáùåñòâ ãðàôà C = {Ci} áóäåì íàçâàòü ïîêðûòèåì. Â íåêîòîðûõ ãðàôàõ
ñîîáùåñòâà ìîãóò áûòü íåîäíîðîäíûìè [2, 4]: áîëåå ïëîòíóþ, öåíòðàëüíóþ ÷àñòü íàçûâàþò
ÿäðîì, à ïðî÷èå âåðøèíû ñîñòàâëÿþò ïåðèôåðèþ.
Îòëè÷èòåëüíàÿ îñîáåííîñòü ñîîáùåñòâ â ñîöèàëüíûõ ñåòÿõ çàêëþ÷àåòñÿ â òîì, ÷òî íåêî-

òîðûå âåðøèíû ìîãóò ïðèíàäëåæàòü íåñêîëüêèì ñîîáùåñòâàì, à íåêîòîðûå | íå ñîñòîÿòü
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íè â îäíîì. Êðîìå òîãî, çà÷àñòóþ ñ âåðøèíàìè ñâÿçàíî ìíîæåñòâî àòðèáóòîâ, òàêèõ êàê
äåìîãðàôè÷åñêèå õàðàêòåðèñòèêè, ñîöèàëüíûé ñòàòóñ è ò.ï.
Íà äàííûé ìîìåíò áûëî ïðåäëîæåíî î÷åíü ìíîãî àëãîðèòìîâ âûäåëåíèÿ ñîîáùåñòâ,

è ïîëíûé èõ îáçîð áóäåò âåñüìà òðóäîåìêèì è íåöåëåñîîáðàçíûì. Ðàññìîòðèì íàèáîëåå
çíà÷èìûå èç íèõ.

1. Êëàñòåðèçàöèÿ ãðàôîâ

Äîâîëüíî ÷àñòî èññëåäîâàòåëè äëÿ â êà÷åñòâå ìåòîäà âûäåëåíèÿ ñîîáùåñòâ èñïîëüçóþò
îäèí èç àëãîðèòìîâ êëàñòåðèçàöèè ãðàôà [5, 6, 7]. Îäèí èç ñàìûõ èçâåñòíûõ è ÷àñòî èñïîëü-
çóåìûõ ìåòîäîâ | ìàêñèìèçàöèÿ ìîäóëÿðíîñòè. Ìîäóëÿðíîñòü ãðàôà | ìåðà, ïîêàçûâàþ-
ùàÿ íàñêîëüêî ðåáåð âíóòðè ãðóïï âåðøèí áîëüøå, ÷åì ñíàðóæè [8]:

Q =
∑

i

(eii − a2
i ),

ãäå eij | äîëÿ ðåáåð, ñîåäèíÿþùèõ ñîîáùåñòâà i è j, à ai =
∑

j eij . Áîëüøèíñòâî âàðèàöèé
àëãîðèòìà ðåàëèçîâàíû ñ èñïîëüçîâàíèåì æàäíîãî ïîäõîäà. Ñóùåñòâóþò àëãîðèòìû, îñíî-
âàííûå è íà îïòèìèçàöèè äðóãèõ âíóòðåííèõ ìåð ãðàôà [2]. Ïðèìåðàìè òàêèõ ìåð ìîãóò
ñëóæèòü ïëîòíîñòü, êîòîðàÿ ìîæåò áûòü âû÷èñëåíà êàê

D =
2|E|

|V |(|V | − 1)
,

è ïðîâîäèìîñòü [9], êîòîðàÿ òàêæå íàçûâàåòñÿ êîýôôèöèåíòîì ðåáåðíîãî ðàñøèðåíèÿ èëè
êîíñòàíòîé ×èãåðà:

h(G) = min
{S⊂V |0<|S|≤ |V |

2
}

|∂S|
|S|

,

ãäå ∂S | ìíîæåñòâî ðåáåð, êàæäîå èç êîòîðûõ èíöèäåíòíî ðîâíî îäíîé âåðøèíå èç íåêî-
òîðîãî ïîäìíîæåñòâà S ⊂ V [10].
Îòëè÷èòåëüíîé îñîáåííîñòüþ ìåòîäîâ, îñíîâàííûõ íà ñëó÷àéíûõ áëóæäàíèÿõ, ÿâëÿåòñÿ

òîò ôàêò, ÷òî èì íå òðåáóåòñÿ åäèíîâðåìåííîå çíàíèå î âñåé ñòðóêòóðå ãðàôà, à òîëüêî
î íåêîòîðîé åãî ÷àñòè. Ïðèìåðîì òàêîãî àëãîðèòìà ìîæåò ñëóæèòü Infomap [11]. Â åãî
îñíîâå ëåæèò îïòèìèçàöèÿ ñïîñîáà êîäèðîâàíèÿ óçëîâ ãðàôà íà ïóòè ñëó÷àéíîãî áëóæäàíèÿ
ñ ïîìîùüþ êîäà Õàôôìàíà. ×òîáû êîä âñåãî ïóòè áûë ìèíèìàëåí, êëàñòåðû êîäèðóþòñÿ
îòäåëüíî è äëÿ êàæäîãî èç íèõ ââîäÿò ñïåöèàëüíûé êîä <âûõîäà èç êëàñòåðà>.
Â òî âðåìÿ êàê áîëüøèíñòâî àëãîðèòìîâ âûäåëåíèÿ ñîîáùåñòâ èìåþò ïîëèíîìèàëüíóþ

ñëîæíîñòü îòíîñèòåëüíî êîëè÷åñòâà âåðøèí [2], ìåòîäû, îñíîâàííûå íà ïåðåíîñå ìåòîê,
ÿâëÿþòñÿ îäíèìè èç íåìíîãèõ, èìåþùèõ êâàçèëèíåéíóþ ñëîæíîñòü. Ïåðâûé àëãîðèòì èç
ýòîãî ñåìåéñòâà áûë ïðåäëîæåí Ðàãõàâàíîì, Àëüáåðò è Êóìàðîé â ðàáîòå [12]. Â íåì êàæäîé
âåðøèíå x ïðèñâàèâàþò ñëó÷àéíóþ ìåòêó c(x, 0). Çàòåì íà÷èíàåòñÿ èòåðàòèâíûé ïðîöåññ, â
êîòîðîì äëÿ êàæäîé âåðøèíû x ìåòêó çàìåíÿþò íà òó, êîòîðóþ èìåþò áîëüøèíñòâî ñîñåäåé:

c(x, t + 1) = argmax |Vx(c)|,
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ãäå Vx(c) = {v ∈ N(x)|c(v) = c}, a N(x)| ìíîæåñòâî ñîñåäåé âåðøèíû x. Ïîñëå çàâåðøå-
íèÿ ýòîãî ïðîöåññà ãðóïïû âåðøèí ñ îäèíàêîâûìè ìåòêàìè ñîñòàâëÿþò êëàñòåðû:

Cc = {v ∈ V |c(v) = c}.

Â öåëîì â áîëüøîì ìíîæåñòâå àëãîðèòìîâ âûäåëåíèÿ ñîîáùåñòâ ìîæíî âûäåëèòü ïÿòü
îñíîâíûõ êëàññîâ ìåòîäîâ [2]:

•
{ îñíîâàííûå íà îïòèìèçàöèè íåêîòîðîé ìåðû | íàïðèìåð, ìàêñèìèçàöèÿ ìîäóëÿðíî-

ñòè;
{ îáúåäèíÿþùèå âåðøèíû â êëàñòåðû ïî íåêîòîðîé ìåðå ñõîæåñòè | íàïðèìåð, k-ñðåä-

íèõ èëè îñíîâàííûå íà àíàëèçå ñïåêòðà ãðàôà;
{ îñíîâàííûå íà îáíàðóæåíèè ïîäãðàôîâ ñ çàäàííûìè ñâîéñòâàì | íàïðèìåð, Clique

Percolation [13], êîòîðûé îñíîâàí íà ïîèñêå ïåðåñåêàþùèõñÿ êëèê, è SCAN [14], â êîòîðîì
èäåò îáíàðóæåíèå âåðøèí, ïðèíàäëåæàùèõ ÿäðàì ñîîáùåñòâ;
{ ðàçáèâàþùèå ãðàô ïóòåì óäàëåíèÿ ðåáåð | íàïðèìåð, àëãîðèòì ïîñëåäîâàòåëüíîãî

óäàëåíèÿ ðåáåð ñ áîëüøîé ïðîìåæóòî÷íîñòüþ [5], êîòîðàÿ îïðåäåëÿåòñÿ ÷àñòîòîé âõîæäåíèÿ
ðåáðà â êðàò÷àéøèå ïóòè ìåæäó ïàðàìè âåðøèí;
{ îñíîâàííûå íà íåêîòîðîé âåðîÿòíîñòíîé ìîäåëè èëè ìîäåëè äèíàìè÷åñêîãî ïðî-

öåññà | íàïðèìåð, Infomap èëè ïåðåíîñ ìåòîê.

2. Âûäåëåíèå ïåðåñåêàþùèõñÿ ñîîáùåñòâ

Â ïîñëåäíèå ãîäû èññëåäîâàòåëè ïðèøëè ê âûâîäó, ÷òî êëàññè÷åñêèå àëãîðèòìû êëàñòå-
ðèçàöèè íåïðèìåíèìû ê ñîöèàëüíûì ñåòÿì [2, 3, 15, 16]. Êàæäûé ÷åëîâåê åñòåñòâåííûì
îáðàçîì ñîñòîèò â íåñêîëüêèõ ñîîáùåñòâàõ, ñîîòâåòñòâóþùèõ åãî ñôåðàì äåÿòåëüíîñòè,
ïîýòîìó ïðè èññëåäîâàíèè ñîöèàëüíûõ ãðàôîâ ñòîèò èñïîëüçîâàòü àëãîðèòìû, îáíàðóæèâà-
þùèå ïåðåñåêàþùèåñÿ è èåðàðõè÷åñêèå ñîîáùåñòâà. Ëèøü íåêîòîðûå àëãîðèòìû âûäåëÿþò
ñîîáùåñòâà ñ ó÷åòîì ýòîãî îáñòîÿòåëüñòâà [16]. Äîñòàòî÷íî áîëüøîå êîëè÷åñòâî òàêèõ ìå-
òîäîâ ÿâëÿþòñÿ äîðàáîòàííûìè ìåòîäàìè êëàñòåðèçàöèè ãðàôîâ [17, 18, 19].
Íåêîòîðûå ìåòîäû îñíîâàíû íà êëàñòåðèçàöèè ðåáåð, à íå âåðøèí. Ïðèìåðîì òàêîãî

àëãîðèòìà ìîæåò ñëóæèòü ìåòîä, ïðåäëîæåííûé â ðàáîòå [20]. Â íà÷àëå êàæäîå ðåáðî
ñîñòîèò â ñâîåì êëàñòåðå. Çàòåì íà êàæäîé èòåðàöèè îïðåäåëÿþò äâà íàèáîëåå ñõîæèõ
ðåáðà, è ñîîòâåòñòâóþùèå èì êëàñòåðû îáúåäèíÿþò. Â êà÷åñòâå ìåðû ñõîæåñòè ðåáåð {i, k}
è {j, k} èñïîëüçóþò èíäåêñ Æàêêàðà:

J =
|N+(i) ∩N+(j)|
|N+(i) ∪N+(j)|

,

ãäå N+(x) = N(x) ∪ {x}. Èòåðàöèè çàâåðøàþòñÿ, êîãäà îñòàëñÿ ðîâíî îäèí êëàñòåð, ñîäåð-
æàùèé âñå ðåáðà. Èç âñåõ âîçìîæíûõ ðàçáèåíèé íà ïðîìåæóòî÷íûõ ýòàïàõ, âûáèðàþò òî, â
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êîòîðîì äîñòèãíóòî íàèáîëüøåå çíà÷åíèå ìåðû ïëîòíîñòè ðàçáèåíèÿ:

DP =
2

|E|
∑
P∈P

|P | |P | − (nP − 1)

(nP − 2)(nP − 1)
,

ãäå P =
⋃

Pi | ðàçáèåíèå ìíîæåñòâà ðåáåð E, à nP = |⋃{i,j}∈P{i, j}|. Âåðøèíà ëåæèò â
íåñêîëüêèõ ñîîáùåñòâàõ, åñëè ðåáðà, èíöèäåíòíûå åé, ïîïàëè â ðàçíûå êëàñòåðû.
×àñòü àëãîðèòìîâ îñíîâàíà íà ïîäõîäå ëîêàëüíîãî ðàñøèðåíèÿ ñîîáùåñòâà èç îäíîé âåð-

øèíû [16]. Íàïðèìåð, â àëãîðèòìå LFM [21] ñîîáùåñòâî <ðàñòåò> èç ñëó÷àéíî âûáðàííîé
âåðøèíû. Ïðîèçâîäèòñÿ îáõîä âñåõ ñîñåäåé âåðøèíû, è â ñîîáùåñòâî äîáàâëÿþò òó, êîòîðàÿ
èìååò íàèáîëüøåå çíà÷åíèå ôèòíåñ-ôóíêöèè fVi

(x) = fVi∪{x} − fVi\{x}, ãäå

fA =
kA
in

(kA
in + kA

out)
α

|ôèòíåñ-ôóíêöèÿ ìíîæåñòâàA ∈ V ; kA
in è kA

out|ñóììàðíûå âíóòðåííèå è âíåøíèå ñòåïåíè
âåðøèí; α|ïàðàìåòð àëãîðèòìà, äåéñòâèòåëüíîå ÷èñëî îò 0 äî 1. Çàòåì èç ñîîáùåñòâà óäà-
ëÿþò âñå âåðøèíû ñ îòðèöàòåëüíûì çíà÷åíèåì ôèòíåñ-ôóíêöèè, è ïðîöåäóðà ïîâòîðÿåòñÿ.
Ôîðìèðîâàíèå ñîîáùåñòâà çàâåðøàåòñÿ, êîãäà âñå ñîñåäíèå âåðøèíû èìåþò îòðèöàòåëüíîå
çíà÷åíèå ôèòíåñ-ôóíêöèè. Ïîñëå ïîëó÷åíèÿ ñîîáùåñòâà âûáèðàåòñÿ âåðøèíà ãðàôà, íå
ñîñòîÿùàÿ â ñîîáùåñòâàõ, è ïðîöåäóðà ïîâòîðÿåòñÿ.
Â íåêîòîðûõ ïîäõîäàõ èñïîëüçóþòñÿ âåêòîðà ïðèíàäëåæíîñòè. Êàæäîé âåðøèíå ñîîò-

âåòñòâóåò îäèí âåêòîð, â êîòîðîì õðàíÿòñÿ ñòåïåíè ïðèíàäëåæíîñòè êàæäîìó èç ñîîáùåñòâ.
Íàïðèìåð, àëãîðèòìû â ðàáîòàõ [22] è [23] îñíîâàíû íà íåîòðèöàòåëüíîì ìàòðè÷íîì ðàç-
ëîæåíèè (NMF) | òåõíèêå, çàèìñòâîâàííîé èç ìàøèííîãî îáó÷åíèÿ. Îäíàêî òàêèå ìåòîäû
îáû÷íî òðåáóþò çíàíèÿ êîëè÷åñòâà ñîîáùåñòâ è èìåþò âûñîêóþ âû÷èñëèòåëüíóþ ñëîæ-
íîñòü.
Òåì íå ìåíåå, àëãîðèòìû, îñíîâàííûå íà ïåðåíîñå ìåòîê, èçáàâëåíû îò ýòèõ íåäîñòàò-

êîâ. Àëãîðèòì SPLA [24], êîòîðûé ÿâëÿåòñÿ äîðàáîòàííûì àëãîðèòìîì ïåðåíîñà ìåòîê èç
ðàáîòû [12], ïîñòðîåí ïî ìîäåëè <ñëóøàþùèõ> è <ãîâîðÿùèõ> óçëîâ, ïðè êàæäàÿ âåðøèíà
<ïîìíèò>, êàêèå ìåòêè ó íåå áûëè ñ êàêîé ÷àñòîòîé | ýòà èíôîðìàöèÿ è áóäåò âåêòîðîì
ïðèíàäëåæíîñòè. Çàñëóæèâàåò óïîìèíàíèÿ è äîðàáîòàííûé âàðèàíò ýòîãî àëãîðèòìà |
EgoLP [25], â êîòîðîì ñîîáùåñòâà ãðàôà îïðåäåëÿþòñÿ íà îñíîâå ïîêðûòèé Cx, x ∈ V ,
âåðøèííî-ïîðîæäåííûõ ïîäãðàôîâ Gx(N(x), NE(x)), ãäå NE(x) | ìíîæåñòâî ðåáåð, ñî-
åäèíÿþùèõ âåðøèíû èç N(x). Ïîêðûòèÿ Cx ïîëó÷àþò ñ ïîìîùüþ àëãîðèòìà SPLA.
Ñðåäè ìåòîäîâ, âûäåëÿþùèõ ïåðåñåêàþùèåñÿ ñîîáùåñòâà, ïðèìå÷àòåëüíû àëãîðèòìû,

ðàçðàáîòàííûå ãðóïïîé Ëåñêîâèöà. Îíè ïðåäëîæèëè ìîäåëü ïðèñîåäèíåíèÿ, â êîòîðîé ñ÷è-
òàåòñÿ, ÷òî ôîðìèðîâàíèå ãðàôà ïðîèñõîäèò ïîä âëèÿíèåì âíåøíèõ ôàêòîðîâ, ò.å. ñîîáùå-
ñòâà îáðàçóþòñÿ èç-çà íàëè÷èÿ îáùèõ àòðèáóòîâ ó âåðøèí. Ïóñòü èìååòñÿ íåîòðèöàòåëüíàÿ
ìàòðèöà F = {fu,C}, â êîòîðîé fu,C |âåñ ìåæäó âåðøèíû u ∈ V â ñîîáùåñòâåC. Àëãîðèòì
BigCLAM [26] ñòðîèò ãðàô G(V, E), ñîçäàâàÿ ðåáðà ïî ñëåäóþùåìó ïðàâèëó:

p(u, v) = 1− exp(−Fu · F T
v ),
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ãäå p(u, v)| âåðîÿòíîñòü ñîçäàíèÿ ðåáðà ìåæäó âåðøèíàìè u è v, à Fu | âåêòîð âåñîâ äëÿ
âåðøèíû u. Ñòðóêòóðà ñîîáùåñòâ ãðàôà îïðåäåëÿåòñÿ ïóòåì íàõîæäåíèÿ òàêîé ìàòðèöû F ,
ïðè êîòîðîé äîñòèãàåòñÿ ìàêñèìóì ïðàâäîïîäîáèÿ l(F ) = log P (G|F ):

F̂ = argmax l(F ),

ãäå ôóíêöèÿ ïðàâäîïîäîáèÿ âû÷èñëÿåòñÿ êàê

l(F ) = LG =
∑

(u,v)∈E

log p(u, v)−
∑

(u,v)/∈E

FuF
T
v .

Â ðàáîòàõ [26, 27] ïîêàçàíî ïðåâîñõîäñòâî àëãîðèòìîâ AGM-fit è åãî âàðèàíòà äëÿ áîëüøèõ
ñåòåé BigCLAM, íàä òàêèìè àëãîðèòìàìè êàê Clique Percolation [13], Mixed-Membership
Stochastic Block Models [28] è îñíîâàííûõ íà êëàñòåðèçàöèè ðåáåð [20].

3. Âûäåëåíèå ñîîáùåñòâ ñ èñïîëüçîâàíèåì àòðèáóòîâ âåðøèí

Â àëãîðèòìàõ, îïèñàííûõ ðàíåå, èíôîðìàöèÿ îá àòðèáóòàõ âåðøèí íå èñïîëüçóåòñÿ äëÿ
ïîëó÷åíèÿ ñîîáùåñòâ. Èíîãäà àòðèáóòû ìîãóò èñïîëüçîâàòüñÿ â äàëüíåéøåì äëÿ èìåíîâà-
íèÿ ñîîáùåñòâ, îäíàêî ÷àñòî ýòà îïåðàöèÿ îñóùåñòâëÿåòñÿ ÷åëîâåêîì âðó÷íóþ.
Â òî æå âðåìÿ ñîöèàëüíûå ãðàôû õàðàêòåðèçóþòñÿ òåì, ÷òî î ïîëüçîâàòåëÿõ èçâåñòíî äî-

ñòàòî÷íî ìíîãî äàííûõ | ñâåäåíèÿ îá îáðàçîâàíèè, ìåñòàõ ðàáîòû, ïðîõîæäåíèÿ âîèíñêîé
ñëóæáû, ÷ëåíñòâå â âèðòóàëüíûõ ñîîáùåñòâàõ ïî èíòåðåñàì (êîòîðûå ÷àñòî ÿâëÿþòñÿ îòðà-
æåíèåì ðåàëüíûõ) è ò.ï. Ñàìà ñîöèàëüíàÿ ñåòü ïîáóæäàåò ïîëüçîâàòåëÿ óêàçàòü êàê ìîæíî
äàííûõ î ñåáå. Ñóùåñòâóþò àëãîðèòìû âûäåëåíèÿ ñîîáùåñòâ, êîòîðûå êîíöåíòðèðóþòñÿ íà
òàêèõ äàííûõ.
Ïðèìåðîì ìîãóò ñëóæèòü àëãîðèòìû, îñíîâàííûå íà ëàòåíòíîì ðàçìåùåíèè Äèðèõ-

ëå [29], êîòîðîå èçíà÷àëüíî ïðåäíàçíà÷àëîñü äëÿ êëàñòåðèçàöèè òåêñòîâ. Â ýòîé ìîäåëè
äîêóìåíò ïðåäñòàâëÿåò ñîáîé ñìåñü èç íåÿâíûõ òåì, êîòîðûå â ñâîþ î÷åðåäü îïðåäåëåíû
íåêîòîðûì ðàñïðåäåëåíèåì âåðîÿòíîñòè ïîÿâëåíèÿ ñëîâ. Ïóòåì ïîðîæäàþùåãî ïðîöåññà
äëÿ ýòîé ìîäåëè îïðåäåëÿþòñÿ íàèáîëåå ïðàâäîïîäîáíûå ñîîòâåòñòâèÿ òåì è äîêóìåíòîâ.
Ñ òî÷êè çðåíèÿ òåîðèè ãðàôîâ äîêóìåíòû ìîæíî ðàññìàòðèâàòü êàê âåðøèíû, òåìû | êàê
ñîîáùåñòâà, à ñëîâà ñîîòâåòñòâóþò àòðèáóòàì âåðøèí.
Äðóãèì ïðèìåðîì ìîæåò ñëóæèòü àëãîðèòì CODICIL [30]. Íà ïåðâîì ýòàïå ýòîãî àëãî-

ðèòìà ôîðìèðóþò ìíîæåñòâî ðåáåð ñõîæåñòè âåðøèí Et ïî àòðèáóòàì èç ìíîæåñòâà âñåõ
àòðèáóòîâ T . Äëÿ êàæäîé âåðøèíû u âûáèðàþò k åå ñîñåäåé, c êîòîðûìè ôóíêöèÿ ñõîæå-
ñòè Sim ìíîæåñòâ àòðèáóòîâ èìååò íàèáîëüøåå çíà÷åíèå. Â CODICIL îíà âû÷èñëÿëàñü êàê
êîñèíóñ TF-IDF âåêòîðîâ àòðèáóòîâ äâóõ âåðøèí:

Sim =
tf -idf(u) · tf -idf(v)

||tf -idf(u)||2 · ||tf -idf(v)||2
,

Íàóêà è Îáðàçîâàíèå. ÌÃÒÓ èì. Í.Ý. Áàóìàíà 141

http://technomag.edu.ru


ãäå i-ÿ êîîðäèíàòà âåêòîðà tf -idf(u) âû÷èñëÿåòñÿ ÷àñòîòå âõîæäåíèÿ i-ãî àòðèáóòà tfi(u) êàê

tf -idf(u, i) =
√

tfi(u) log

1 +
|T |∑|T |

j=1 tfj(u)

 .

ÇàòåììíîæåñòâàEt èE îáúåäèíÿþò â ìíîæåñòâîE∗ è âûáèðàþò èç íåãî ìíîæåñòâîE∗
sample ⊂

E∗ òàêîå, ÷òî |E∗
sample| << |E|. Äëÿ ýòîãî äëÿ êàæäîé âåðøèíû i èç E∗ áåðóò

√
|N(i)| ðåáåð,

êîòîðûå ñîåäèíÿþò åå ñ íàèáîëåå ïîõîæèìè ñîñåäÿìè, ò.å. ó êîòîðûõ íàèáîëüøåå çíà÷åíèå
èíäåêñà Æàêêàðà äëÿ ìíîæåñòâN(i) èN(j). Íàêîíåö, ê ãðàôóG(V, E∗

sample) ïðèìåíÿþò îäèí
èç àëãîðèòìîâ êëàñòåðèçàöèè ãðàôîâ, ðåçóëüòàò êîòîðîãî áóäåò èòîãîì îñíîâíîãî àëãîðèòìà.
Â ðàáîòå [31] ïðåäëîæåí ìåòîä, îñíîâàííûé íà ïåðåíîñå ìåòîê. Â êà÷åñòâå ìåòîê èñ-

ïîëüçóþò íå ñëó÷àéíûå çíà÷åíèÿ, à èìåþùèåñÿ àòðèáóòû âåðøèí, è îáíîâëÿþò ìåòêè ïî
ìàæîðèòàðíîìó ïðàâèëó. Çà ñ÷åò òîãî, ÷òî ìíîãèå âåðøèíû èìåþò îäèíàêîâûå ìåòêè ïðè
èíèöèàëèçàöèè àëãîðèòìà, îí èìååò íèçêóþ âû÷èñëèòåëüíóþ ñëîæíîñòü.
Àëãîðèòìû, ïðåäíàçíà÷åííûå äëÿ âûäåëåíèÿ ñîîáùåñòâ â ãðàôàõ ñ àòðèáóòàìè âåðøèí

ìîæíî ðàçäåëèòü íà ñëåäóþùèå êàòåãîðèè [32]:

•
{ ìåòîäû, ïåðåâîäÿùèå ãðàô ñ àòðèáóòàìè âåðøèí âî âçâåøåííûé ãðàô, â êîòîðîì âåñ

ðåáðà âû÷èñëÿåòñÿ â çàâèñèìîñòè îò ñõîæåñòè èíöèäåíòíûõ åìó âåðøèí;
{ ìåòîäû, ñòðîÿùèå ôóíêöèþ ðàññòîÿíèÿ ìåæäó âåðøèíàìè íà îñíîâå ñòðóêòóðû ãðàôà

è ñõîæåñòè âåðøèí ñ ïîñëåäóþùèì ïðèìåíåíèåì àëãîðèòìà êëàñòåðèçàöèè;
{ ìåòîäû, îñíîâàííûå íà ñëó÷àéíûõ áëóæäàíèÿõ ïî ñìåøàííîìó ãðàôó (àòðèáóòû ñòà-

íîâÿòñÿ âåðøèíàìè);
{ ìåòîäû, îñíîâàííûå íà âåðîÿòíîñòíûõ ìîäåëÿõ;
{ ìåòîäû, îñíîâàííûå íà ðàçáèåíèè ïðîñòðàíñòâà àòðèáóòîâ;
{ ïðî÷èå ìåòîäû.

Ñòîèò îòìåòèòü, ÷òî ìíîãèå àëãîðèòìû îñíîâàíû íà ïðåäïîëîæåíèè, ÷òî âñå àòðèáóòû
âåðøèíû â ñîîáùåñòâå ñõîæè [32, 33, 34]. Êàê áûëî ïîêàçàíî â [35], ýòî ïðåäïîëîæåíèå
íåâåðíî äëÿ ñîöèàëüíûõ ñåòåé. Íàïðèìåð, îäíîêëàññíèêè ìîãóò ïîñòóïèòü â ðàçíûå âóçû è
èìåòü ðàçíîå ìåñòî ðàáîòû.

4. Âûäåëåíèå ïåðåñåêàþùèõñÿ ñîîáùåñòâ ïî àòðèáóòàì âåðøèí

Ëèøü íåäàâíî íà÷àëè ïîÿâëÿòüñÿ àëãîðèòìû, â êîòîðûõ èñïîëüçóåòñÿ èíôîðìàöèÿ è î
ðåáðàõ ãðàôà, è îá àòðèáóòàõ âåðøèí. Ïðè ýòîì òîëüêî íåìíîãèå èç íèõ ïîçâîëÿþò âûäåëÿòü
ïåðåñåêàþùèåñÿ ñîîáùåñòâà.
Â ðàáîòå [36] ïðåäëîæåí àëãîðèòì, â êîòîðîì ñîîáùåñòâà âûäåëÿþòñÿ ñ ïîìîùüþ ðàçáè-

åíèÿ ïðîñòðàíñòâà àòðèáóòîâ A = {A1, A2, . . . , Am}, Ai ⊆ R, íà ÿ÷åéêè. Â ìîäåëè äàííîãî
àëãîðèòìà i-é àòðèáóò ïðèíèìàåò îäíî èç çíà÷åíèé èç ìíîæåñòâà Ai. ß÷åéêà ïðîñòðàíñòâà
ïðåäñòàâëÿåò ñîáîé íåêîòîðûé ïîëóèíòåðâàë îäíîãî èç ìíîæåñòâ Ai. Âìåñòî òîãî, ÷òîáû
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ðàññìàòðèâàòü âñå ïîäïðîñòðàíñòâà, â àëãîðèòìå ðàññìàòðèâàþòñÿ òîëüêî <èíòåðåñíûå>,
îáëàäàþùèå íèçêîé ýíòðîïèåé àòðèáóòîâ. Ñîîáùåñòâà ïîëó÷àþò ïóòåì îáúåäèíåíèÿ ñîñåä-
íèõ ÿ÷ååê ñ âûñîêîé ïëîòíîñòüþ è ñâÿçíîñòüþ, êîòîðàÿ âû÷èñëÿåòñÿ äëÿ ÿ÷åéêè c êàê ñóììà
âåñîâ ñëó÷àéíûõ áëóæäàíèé ïî âñåì ïàðàì âåðøèí:

D(c) =

∑
vi,vj∈c q̃vi,vj

|c|
,

ãäå Q̃ = {q̃vi,vj
}|íîðìàëèçîâàííàÿ ìàòðèöà âåñîâ ñëó÷àéíûõ áëóæäàíèéìåæäó âåðøèíàìè

vi è vj . Ñòîèò îòìåòèòü, ÷òî äàííûé àëãîðèòì òðåáóåò çíàíèÿ î ïðèðîäå àòðèáóòîâ è èõ
ôèëüòðàöèþ, ïîñêîëüêó èñïîëüçóåò ìíîãîìåðíûå ïðîñòðàíñòâà àòðèáóòîâ. Êðîìå òîãî, â
õóäøåì ñëó÷àå îí èìååò äîñòàòî÷íî âûñîêóþ âû÷èñëèòåëüíóþ ñëîæíîñòü | O(|V |2 · 2|A|).
Àëãîðèòì EDCAR [37] òîæå èñïîëüçóåò ðàçáèåíèå ìíîæåñòâà àòðèáóòîâ íà ïîäïðîñòðàí-

ñòâà è îñíîâàí íà ýâðèñòèêå ïîèñêà êëèê. Òåì íå ìåíåå îí òàêæå òðåáóåò áîëüøîãî êîëè÷å-
ñòâî âû÷èñëåíèé.
Íåñêîëüêî àëãîðèòìîâ îñíîâàíû íà òåìàòè÷åñêîì ìîäåëèðîâàíèè, íàïðèìåð, Block-

LDA [38], â êîòîðîì âåðîÿòíîñòíàÿ ìîäåëü LDA [29] äîïîëíåíà ìîäåëüþ ñâÿçåé ìåæäó
äîêóìåíòàìè (âåðøèíàìè). Îäíàêî áîëüøèíñòâî ïîäîáíûõ àëãîðèòìîâ ðàáîòàþò âåñüìà
ìåäëåííî è ïëîõî ìàñøòàáèðóþòñÿ.
Àëãîðèòì CESNA, ïðåäëîæåííûé ãðóïïîé Ëåñêîâèöà â [15], îñíîâàí íà âåðîÿòíîñòíîé

ãåíåðàòèâíîé ìîäåëè. Â íåì áûëà óëó÷øåíà ìîäåëü àëãîðèòìà BigCLAM, ÷òîáû ó÷èòûâàòü
è àòðèáóòû âåðøèí. Äëÿ ýòîãî ââîäèòñÿ ìàòðèöà W = {wt,C}, â êîòîðîé wt,C ïîêàçûâàåò
ðåëåâàíòíîñòü àòðèáóòà t ñîîáùåñòâó C. Âìåñòî ôóíêöèè l(F ) òåïåðü ìàêñèìèçèðóåòñÿ
l(F, W ) = LG + LX , ãäå

LX =
∑
u,t

(xu,t log qu,t + (1− xu,t) log(1− qu,t)) ,

qu,t =
1

1 + exp(−∑C wt,Cfu,C)
,

à xu,t | õàðàêòåðèñòè÷åñêàÿ ôóíêöèÿ íàëè÷èÿ ó âåðøèíû u àòðèáóòà t. Àâòîðû ïîêàçàëè
ïðåâîñõîäñòâî ýòîãî ìåòîäà íàä òàêèìè àëãîðèòìàìè, êàê Block-LDA, CODICIL è EDCAR
íà âûáîðêàõ äàííûõ èç îíëàéíîâûõ ñîöèàëüíûõ ñåòåé. Áîëåå òîãî, ðàçðàáîòàííûé àëãîðèòì
õîðîøî ìàñøòàáèðóåòñÿ è èìååò ïî÷òè ëèíåéíóþ ñëîæíîñòü.
Â íåäàâíåé ðàáîòå [39] áûë ïðåäëîæåí àëãîðèòì, â êîòîðîì çàäà÷à âûäåëåíèÿ ñîîáùåñòâ

ôîðìóëèðóåòñÿ êàê çàäà÷à îá íåîòðèöàòåëüíîì ìàòðè÷íîì ðàçëîæåíèè:

min
Q,S,H≥0

d(A||QSQT ) + d(X||QH),

ãäå d(A||B)| ìåðà ñõîæåñòè ìàòðèö A è B, êîòîðàÿ âû÷èñëÿåòñÿ êàê

d(A||B) =
∑
i6=j

(
ai,j log

ai,j

bi,j

+ ai,j − bi,j

)
,
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ãäå qC,u | âåðîÿòíîñòü òîãî, ÷òî ðåáðî â ñîîáùåñòâå C èíöèäåíòíî âåðøèíå u; sC,C |
âåðîÿòíîñòü òîãî, ÷òî ðåáðî ëåæèò â ñîîáùåñòâå C; hC,t |âåðîÿòíîñòü íàëè÷èÿ àòðèáóòà t ó
âåðøèíû èç ñîîáùåñòâà C. Àëãîðèòì äàåò ñîïîñòàâèìûå ñ CESNA ðåçóëüòàòû ïî êà÷åñòâó
âûäåëåíèÿ ñîîáùåñòâ, íî èìååò ïðè ýòîì áîëåå âûñîêóþ âû÷èñëèòåëüíóþ ñëîæíîñòü.
Àëãîðèòì FCAN [40] òàêæå èñïîëüçóåò íåîòðèöàòåëüíîå ìàòðè÷íîå ðàçëîæåíèå è îñíî-

âàí íà ìàêñèìèçàöèè ìåðû r ðåëåâàíòíîñòè ñîäåðæèìîãî âåðøèí â êëàñòåðå, êîòîðàÿ äëÿ
âåðøèí vi è vj èìååò çíà÷åíèå

r(vi, vj) =

∑|T |
p=1

∑|T |
q=1 strength(vali,p, valj,q)

|T |2
,

ãäå strength | íåêîòîðàÿ íîðìàëèçîâàííàÿ ôóíêöèÿ ñõîæåñòè; vali,p | çíà÷åíèå p-ãî àòðè-
áóòà äëÿ âåðøèíû vi; T | ìíîæåñòâî âñåõ àòðèáóòîâ. Îí ïðåâîñõîäèò CESNA íà ñèíòåòè-
÷åñêèõ íàáîðàõ äàííûõ, îäíàêî íà âûáîðàõ äàííûõ èç ñîöèàëüíûõ ñåòåé Facebook è Twitter
àëãîðèòì CESNA äàåò áîëåå âûñîêèå çíà÷åíèÿ ìåðû âçàèìíîé èíôîðìàöèè (NMI) è äîëè
ïðàâèëüíûõ îòâåòîâ.
Ïîêà íå èçâåñòíû àëãîðèòìû, ïðåâîñõîäÿùèå ðåçóëüòàòû àëãîðèòìà CESNA íà ðåàëüíûõ

äàííûõ. Îäíàêî ïîëó÷åíèå ïîêðûòèÿ, ñîâïàäàþùåãî ñ ðàçìå÷åííûì÷åëîâåêîì âðó÷íóþ, âñå
åùå ÿâëÿåòñÿ òðóäíîé çàäà÷åé. Â ñâÿçè ñ ýòèì òðåáóåòñÿ ñîâåðøåíñòâîâàíèå ñóùåñòâóþùèõ
àëãîðèòìîâ.

5. Óñòîé÷èâîñòü ê îòñóòñòâèþ àòðèáóòîâ

Ïî÷òè âñå àëãîðèòìû âûäåëåíèÿ ñîîáùåñòâ ïîäðàçóìåâàþò, ÷òî ïðåäîñòàâëåíà ïîëíàÿ
èíôîðìàöèÿ î ãðàôå è àòðèáóòàõ âåðøèí [31]. Èñêëþ÷åíèåì ÿâëÿåòñÿ àëãîðèòì CESNA,
ñîçäàòåëè êîòîðîãî èññëåäîâàëè åãî óñòîé÷èâîñòü ê ÷àñòè÷íîìó îòñóòñòâèþ ðåáåð. Êàê
áûëî ïîêàçàíî ðàíåå, íå âñå ïîëüçîâàòåëè ñîöèàëüíîé ñåòè âûñòàâëÿþò èíôîðìàöèþ î ñåáå
íà ïóáëè÷íîå îáîçðåíèå, è îíà ìîæåò áûòü ñêðûòà íàñòðîéêàìè ïðèâàòíîñòè, ÷òî çàòðóäíÿåò
åå àíàëèç.
Â ñâÿçè ýòèì âîçíèêàåò íåîáõîäèìîñòü ðàçðàáîòêè òàêîãî àëãîðèòìà âûäåëåíèÿ ñîîá-

ùåñòâ, êîòîðûé áóäåò óñòîé÷èâ ê ÷àñòè÷íîìó îòñóòñòâèþ àòðèáóòîâ âåðøèí. Äàííàÿ ïðî-
áëåìà òåñíî ñâÿçàíà ñ ïðîáëåìîé îïðåäåëåíèÿ íåóêàçàííîé èëè îòñóòñòâóþùåé èíôîðìàöèè.

Çàêëþ÷åíèå

Êëàññè÷åñêèé ïîäõîä ê âûäåëåíèþ ñîîáùåñòâ çàêëþ÷àåòñÿ â ïðèìåíåíèè ê ñîöèàëüíîìó
ãðàôó îäíîãî èç àëãîðèòìîâ êëàñòåðèçàöèè. Íàèáîëåå ïîïóëÿðíû ìåòîäû, îñíîâàííûå íà
ìàêñèìèçàöèè ìîäóëÿðíîñòè.
Îäíàêî òàêîé ìåòîä íå ó÷èòûâàåò äâå âàæíûå îñîáåííîñòè ñîöèàëüíîãî ãðàôà: íàëè÷èå

àòðèáóòîâ âåðøèí è âîçìîæíîñòü ïåðåñå÷åíèÿ ñîîáùåñòâ. Ëèøü íåäàâíî ñòàëè ïîÿâëÿòüñÿ
ìåòîäû, êîòîðûåèñïîëüçóþò êàêèíôîðìàöèþî ñòðóêòóðå ãðàôà, òàê è ñâåäåíèÿ îá àòðèáóòàõ
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âåðøèí è ïîçâîëÿþò âûäåëÿòü ïåðåñåêàþùèåñÿ ñîîáùåñòâà. Íà äàííûé ìîìåíò íàèáîëåå
òî÷íûå ðåçóëüòàòû äàåò àëãîðèòì CESNA. Õîòÿ îí ìîæåò è ïðîèãðûâàòü ïî íåêîòîðûì ïîêà-
çàòåëÿì äðóãèì àëãîðèòìàì íà ñèíòåòè÷åñêèõ ãðàôàõ, îí ïðåâîñõîäèò àíàëîãè íà ðåàëüíûõ
âûáîðêàõ äàííûõ èç ñîöèàëüíûõ ñåòåé.
Ñòîèò îòìåòèòü, ÷òî â èññëåäîâàíèÿõ ïðàêòè÷åñêè íå óäåëÿåòñÿ âíèìàíèå ïðîáëåìå îò-

ñóòñòâóþùèõ àòðèáóòîâ âåðøèí. Â ñîöèàëüíûõ ñåòÿõ íå âñåãäà äîñòóïíà ïîëíàÿ èíôîðìàöèÿ
î ïðîôèëå ïîëüçîâàòåëÿ: îíè ìîãóò áûòü ñêðûòû íàñòðîéêàìè ïðèâàòíîñòè èëè ïðîñòî íå
óêàçàíû.
Ê ñîæàëåíèþ, íà äàííûéìîìåíò ñàìûå ëó÷øèå àëãîðèòìûäàëåêè îò ñîâåðøåíñòâà. Åñëè

îöåíèâàòü êà÷åñòâî èõ ðàáîòû íà ãðàôàõ ñ èçâåñòíûìè ïîêðûòèÿìè, ñîçäàííûìè ÷åëîâåêîì
âðó÷íóþ, òî îíè ïîêàçûâàþò ðåçóëüòàòû, äàëåêèå îò òî÷íîãî ñîâïàäåíèÿ. Ïîýòîìó ñòîèò
îæèäàòü äàëüíåéøåãî ðàçâèòèÿ ýòîé îáëàñòè è ïîÿâëåíèÿ íîâûõ àëãîðèòìîâ.
Äàííàÿ ðàáîòà ïðîâåäåíà ïðè ïîääåðæêå ãðàíòà ÐÔÔÈ No 16-29-09517 îôè ì <Ìåòîäû

è àëãîðèòìû âûÿâëåíèÿ ñîîáùåñòâ è îðãàíèçàöèè èíôîðìàöèîííîãî ïðîòèâîáîðñòâà â ñî-
öèàëüíûõ ñåòÿõ íà îñíîâå áàéåñîâñêèõ è òåîðåòèêî-èãðîâûõ ïîäõîäîâ ñ èñïîëüçîâàíèåì
ãðàôîâûõ è ôðàêòàëüíûõ ìîäåëåé>.
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Social network structure is not homogeneous. Groups of vertices which have a lot of links
between them are called communities. A survey of algorithms discovering such groups is presented
in the article.
A popular approach to community detection is to use an graph clustering algorithm. Methods

based on inner metric optimization are common. 5 groups of algorithms are listed: based on
optimization, joining vertices into clusters by some closenessmeasure, special subgraphs discovery,
partitioning graph by deleting edges, and based on a dynamic process or generative model.
Overlapping community detection algorithms are usually just modified graph clustering algo-

rithms. Other approaches do exist, e.g. ones based on edges clustering or constructing communities
around randomly chosen vertices. Methods based on nonnegative matrix factorization are also
used, but they have high computational complexity. Algorithms based on label propagation lack
this disadvantage. Methods based on affiliation model are perspective. This model claims that
communities define the structure of a graph.
Algorithms which use node attributes are considered: ones based on latent Dirichlet allocation,

initially used for text clustering, and CODICIL, where edges of node content relevance are added to
the original edge set. 6 classes are listed for algorithms for graphs with node attributes: changing
egdes' weights, changing vertex distance function, building augmented graph with nodes and
attributes, based on stochastic models, partitioning attribute space and others.
Overlapping community detection algorithms which effectively use node attributes are just

started to appear. Methods based on partitioning attribute space, latent Dirichlet allocation, stochas-
tic models and nonnegative matrix factorization are considered. The most effective algorithm on
real datasets is CESNA. It is based on affiliation model. However, it gives results which are far
from ground truth covers. Almost all algorithms don't consider the possibility of node attributes
partial absence. So one can expect the improvement of existing methods and appearance on new
ones.
This work was supported by RFBR (grant No 16-29-09517 "OFI M")
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