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From AGM to BigCLAM

Relaxation: Memberships have strengths

F, 4: The membership strength of node u
to community A (F, 4 = 0: no membership)

Each community A links nodes independently:
PA(ur U) =1- exp(_FuA ' FvA)
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Factor Matrix F

Community membership strength matrix F

Communities

ode
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FvA

strength of u’s
membership to A

PA(u» ‘U) =1- exp(_FuA ' FvA)
Probability of connection is
proportional to the product of
strengths

Notice: If one node doesn’t belong to the
community (F, = 0) then P(u,v) =0
Prob. that at least one common

community C links the nodes:
P(u,v) =1-[][(1 - Pc(u,v))

F,  vector of
community
membership
strengths of u
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From AGM to BigCLAM

Community A links nodes u, v independently:
Py(u,v) =1—exp(—Fyy - Fyy)
Then prob. at least one common C links them:
P(u,v) =1 —[](1— Pc(u,v))
=1—exp(—XcFuc Fuc)
— 1_exp(_Fu'F£)
For example:
F,: 0 12 0 02 Then:F, -F},=0.16
And: P(u,v) =1 —exp(—0.16) = 0.14
But: P(u,w) = 0.88
Fy: 0 18 1 o P(v,w)=0

Node community
membership strengths
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