The Map Equation Goes Neural: Mapping Network Flows with Graph Neural Networks
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tl:dr

map equation + (graph) neural networks

ldea: leverage advances in deep learning for deep community detection
with an information-theoretic objective function from network science

Background: The Map Equation

» The map equation (Rosvall & Bergstrom, PNAS 2008) is an
information-theoretic objective function for community detection
that relates the quality of a network partition to the average
per-step description length L of a random walk
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Figure 1: lllustration of the principles behind the map equation.

» Without communities, the description length L is the entropy over
the nodes’ visit rates (Fig. 1, left)

L(V)=H(P) =~ p,log;

veV
» With communities, the description length L is a weighted average

of entropies, one for changing between modules plus one per
module (Fig. 1, right)

L(M)=qH(Q)+ > puH (Pn)

meM
» Detecting communities means minimising the description length

L, typically with the greedy stochastic search algorithm Infomap
» The minimum description length (MDL) principle acts as a

Neuromap: The Map Equation Goes Neural

» We introduce a soft cluster assignment matrix, making the
map equation differentiable as a loss function in unsupervised
community detection with (G)NNs through gradient descent
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Figure 2: Setup for GNN-based community detection with the map equation.

» Compute visit rates from graph’s transition matrix T and
normalised node in-degrees d" using smart teleportation

(Lambiotte & Rosvall, PRE 2012)
p(tﬂ) { - d" + (1 — ) p(t)T and set p(o) —d"

Wrot
» Compute flow matrix F and flows between clusters C, given

cluster assignments S

F— “A+(1-a)diag(p)T C=S"FS
Whot
» Define terms
g=1—1tr(C) qmn = C1, — diag (C)

Me,i: = (1, C)' — diag (C) pm=an+1,C
» Assemble the map equation
L (Av S) = qlog, g — (qm log, qm) 1,
I (mexit |0g2 mexit) 15 T (p |0g2 p) ]-n
+ (Pm log, Pm) 1

Results
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» We compare Neuromap against recent deep community detection
baselines combined with various (G)NN architectures
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Figure 3: Results on synthetic LFR networks with planted communities (SAGE).

AMI: Adjusted mutual information with ground truth, |M|: number of communities.
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Figure 4: Results on real-world networks.
Conclusion
» We propose Neuromap: deep community detection based on MDL
» Neuromap performs competitively against recent deep community

detection approaches

model-selection approach and prevents overfitting by balancing
between model complexity and goodness of fit
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» Performance for all methods depends on chosen (G)NN architecture

» Neuromap needs no explicit regularisation, MDL is sufficient!



