








totalrankof the five algorithms on all six cases. For example[4]
on News-Different-300 with 10% constraints, the rank of the
five algorithms is: SSDR (best) (1) SSDR (2)> Lange et
al. (3)> Basu et al. (4)> Shental et al. (5). The total rank
on these three data sets is: SSDR (best)BSDR (17)>
Lange et al. (21)> Shental et al. (22} Basu et al. (23).
Here the values in the brackets show the ranks.

(5]

(6]

3.4 Runtime Performance Computationally, SSDR is a
standard eigen-problem on a symmetric matrix, which cayy)
be efficiently computed, e.g. by the singular value decom-
position (SVD). For large sparse high-dimensional data sudh]
as text data, there exists efficient sparse SVD algorithms [9]
which can also be used by SSDR.

For dimensionality reduction, we empirically find that
the efficiency of SSDR is nearly the same as that of PCA
both being a bit superior to that of cFLD. For clustering,
since SSDR considers the constraints only once for dimen-
sionality reduction and then perfornismeans, it is much ;4
efficient than algorithms which use constraints in the process
of k-means clustering, e.g. Basu et al's algorithm where tha
constraints are considered in each iterative stefpmieans.
This is a clear advantage of SSDR over its competitors. [12]

4 Conclusion

In this paper, we propose a simple but efficient sen4|1—3]
supervised dimensionality reduction algorithm called SSDR,
which exploits both cannot-link and must-link constraints 1914]
gether with unlabeled data. SSDR can preserve the intrinsic
structure of the data set as well as the pairwise constraints
specified by users in the projected low-dimensional space.
Experiments show that SSDR leads to considerable improf&s]
ments in embedding, classification and clustering over con-
ventional dimensionality reduction methods.

In this paper, the intrinsic structure preserved by SSOK]
is the global covariance structure. Investigating that whether
SSDR can preserve local structures together with constraints
is an interesting future work. In our experiments the pai[{ﬂ]
wise constraints are randomly generated and have no contra-
diction, investigating the performance of SSDR with incon-
sistent constraints is also an interesting future work.

[18]
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