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Figure 2: Factor graph demonstra-
tion for Affinity Propagation of 3
points.
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Figure 3: Clustering result of Affin-
ity Propagation.
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Figure 4: Clustering result of Affin-
ity Propagation, with large diagonal
values for the affinity matrix.

Figure 5: Clustering result of Affin-
ity Propagation, with small diago-
nal values for the affinity matrix.
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