











20% of data in constraints 10% of data in constraints 5% of data in constraints
H | S| P |P>H|P>S|| H | S| P |[P>H|P>5] H | S | P |P>H]| P>8
wdbc 6.5 1.9 | 16.7 9 10 2.8 1.5 | 13.3 9 9 34 | -1.1 | 94 9 10
derm 0.5 1.0 3.5 5 6 2.9 2.5 5.2 5 6 1.4 2.3 | 4.5 6 9
image | -2.6 | 2.6 6.1 8 10 -3.1 | 0.5 9.0 9 8 -5.8 |1 2.2 | 5.0 9 6

Table 2: Results on real world data sets. Average improvements in accuracy (in %) with respect to no constraints
for soft constraints (S), hard constraints (H ), posterior constraints, i.e., the proposed algorithm, (P), are shown.
The number of times that the proposed algorithm outperforms the other two constraint algorithms in 10 runs is

also shown.

5 Conclusion

We have proposed a graphical model with the con-
straints as random variables. This principled approach
enables us to state the prior certainty and posterior en-
forcement of a constraint. The model is more robust
towards noisy constraints, and it provides a more gen-
eral approach to estimate constraint violation. Metric
learning is automatic because covariance matrices are
estimated. The use of variational method provides an ef-
ficient approach for parameter estimation. Experimen-
tal results show the utility of the proposed method. For
future work, we plan to estimate the number of clusters
automatically. Can traditional criteria like AIC, BIC or
MDL be modified to work in the presence of constraints?
A kernel version of this algorithm can be developed for
clusters with general shapes.
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