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Cβ(X,W) := (1− 2β) (H(Y2|Y1)−H(Y2|X1))− βI(Y1;Y2)

∗ β = 0.5: information-theoretic pairwise clustering
∗ β = 1: information bottleneck problem

Rana Ali Amjad, Clemens Blochl, and Bernhard C. Geiger. “A Generalized Framework For
Kullback–Leibler Markov Aggregation”. In: IEEE Transactions on Automatic Control 65.7 (July 2020),
pp. 3068–3075. issn: 2334-3303. doi: 10.1109/tac.2019.2945891. url:
http://dx.doi.org/10.1109/TAC.2019.2945891
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» Limitations

 Erroneous partition-level side information
∗ Sensitive to noisy constraints

 Non exhaustive pairwise constraints

∗ if (x, x′) ∈ M and (x, x′′) ∈ N , then also x′ and x′′ should not link
∗ if (x, x′) ∈ M and (x, x′′) ∈ M, then also x′ and x′′ should link

 Negative influence of cannot-link constraints.

∗ Moderate numbers of cannot-link constraints
∗ Initial coloring: cannot-link constraints → assign to the first cluster available
∗ Problem for few classes: constrained data pairs are forced to stay in place
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» Conclusion

 Unsupervised clustering via Markov aggregation −→ accept pairwise constraints

 Lowers sensitivity to hyperparameters
 Learns non-linear decision boundaries
 Competes with state-of-the-art semi-supervised clustering techniques

 Full-text: https://arxiv.org/abs/2112.09397
 https://github.com/stegsoph/Constrained-Markov-Clustering.git
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Thank you for your attention!
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