WHY BOTHER? PROBABILISTIC HYPERBOLIC
The S! random graph model simultaneously generates [1] E M B E D DI N G S

= cCOmmunity structure,
= power law degree distributions,

- sparse connections, Ariane Lizotte', J.-G. Young? A. Allard"?

= non-vanishing clustering coefficients.

Algorithms to fit this model exist, but none give
error bars on the inferred positions. l. Find clusters 2. Draw 3. Apply local reflection
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The likelihood of the S' model is o / Distant groups of vertices have a weak influ-
RA(6,,6,) B\ 1 t/2 ence on each other because the connection
PG =Glo,x.6] =] (1 + ( oY ) ) l.Find clusters  2.Draw  3.Exchange 4. Fillgap probability decreases rapidly with the distance.
i<y HFuFey We apply transformations that preserve intra-

Parameters:

= 0,; angular coordinate of vertex u
» K, expected degree of vertex v

» 3;.: B if uand v are connected and is —3 oth-
erwise

« A(6,,0,) =m—|m—|0,—6,||: angular separation

= 4. constant set such that the expected de-
gree uis k,

» R = |V|/2m: circle radius.

Exchange

e \ y cluster distances.
/ | Our method is a Metropolis-Hastings algorithm
\ that uses both random walk and cluster-based
N / moves (figure on the left).
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The likelihood is invariant to graph automor-
phisms, rotations and reflexions (6 < —6).
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We use a uniform prioron each 6, a half-Cauchy
prior on each x, and a normal prior on g.
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* With a smooth approximation of the likelihood.

|
|
|
|
|
:

The posterior is not a multivariate normal both
for synthetic graphs (below, left panel) and for
Zachary's karate club (below, right panel).
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A normal approximation of the posterior is not
appropriate.
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Samples from the posterior give many plausible embeddings of the

same graph (here, a synthetic graph — the ground truth). Those pro-
vide error bars for every parameter.
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Properties of graphs generated from the posterior sometimes dif- 0.8 0.9 o | | _r | |
fer from those of graphs generated from Mercator’'s maximum like- AUC-ROC _ _
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lihood estimation [2]. 0 0
. . N Agreement between edge > 18

The figure in the center shows the sampled positions for three ver- posterior probabilities and
tices (colored) of the synthetic graph and the median for the others their existence. .
(black). Black lines are the geodesics of the edges. arXiv:2406.107/11
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