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Authors’ Reply It is well known that (9) in the comments may have multiple
) o solutions. With the HEC clustering algorithm, the solution which is
Jianchang Mao and Anil Jain closest to the initial clustering formed by the k-means algorithm with

the Euclidean distance will be eventually obtained.
In summary, the comments made by Wang and Xia together with
Wang and Xia make a valid point in their comments on our papgijs response provide some new insights into the behavior of our HEC
that the cost defined in (1) in their comments (not numbered in opstering algorithm. It further confirms that the HEC algorithm is a

original paper) is constant if the Mahalanobis distanagrectlyused. seful tool for understanding the structure of multidimensional data.
Although we did not point out this problem in our original paper,

we mentioned a related problem (the third difficulty associated with
using the Mahalanobis distance in the k-means algorithm; see p. 18
in our original paper) which served as one of our motivations for our
proposed algorithm. Moreover, as Wang and Xia also noticed, our
proposed algorithm (HEC algorithm or k-means algorithm with the
regularized Mahalanobis distance) waxt derived from the objective

of minimizing the cost (in fact, we never refer to this definition later
in our paper). This approach is not uncommon in neural networkScrections are noted to the following parts of the above-mentioned
and pattern recognition literature. Many learning algorithms do ngt, 1.1

have a precise mathematical objective function (e.g., Kohonen’s self-y,q Fig. 7 caption should read as follows.

organizing map algorithm), but still work well in practice. Adaptation in ADGDHP. The critic network outputs the scalar
The comments by Wang and Xia failed to point out that OUWng two vectorshr andA4. The vector\z(t + 1) propagates back
HEC clustering algorithm used a regularized Mahalanobis d'Stant‘Fﬁough the model, then it is split in two vectors. One of them goes
instead of the standard Mahalanobis distance. It is the regularizgg e square summator to be added to the vedfott)/dR(t)
Mahalar_10bi§ distance which plays an important role in realizing,q i the rightmost term in (18) (not shown). The second vector
hyperellipsoidal clusters. o o _ is added to the vectodl/ (t)/A(t) in another summator. Both of
The regularized Mahalanobis distance, which is a weighted cOfyase summators produce two appropriate error vedors), as in
bination of Euclidean distance and standard Mahalanobis distan ) and (20). According to (3), the right oval summator computes
was motivated to deal with the three difficulties (p. 18 in our origing},e error E, (t). Two error VECtC;I'SEz(f) and the scalaf, (1) are
paper) associated with using the Mahalanobis distance in the k-megagy g train the critic network. The action network is adapted by the

algorithm. The third difficulty states that the k-means clustering; o ct pathA(f + 1) between the critic and the action networks.
algorithm with the Mahalanobis distance tends to produce unusuallyafie, (18) the third expression should read as follows:

large or unusually small clusters. This is due to the fact that the

Mahalanobis distance is inversely weighted by the “spread” of a

cluster (which also leads to a constant cost). However, in our original Ny () = 9J(t+1)  OU()
paper, we did not analyze the role of the regularized Mahalanobis k OAL(t) dAL ()
distance in the context of the cost.

Now, let us examine the effect of the regularized Mahalanobis Equation (22) should read as follows:
distance on the cost. The Euclidean part of the regularized Maha- '
lanobis distance makes the costnconstantvith respect to different
clusterings, while the standard Mahalanobis distance part remains A*(t) = argmin J[R(t), A(t)]. (22)
constant. This nonconstant cost indicates that certain clusters (not A
necessarily hyperellipsoidal) are realizable even if the clustering
algorithm is directly derived from the cost minimization. In the HEC Equation (24) should read as follows:
clustering algorithm, the initial clustering (partition) is obtained using
the Euclidean distance\ (= 1.0 in the regularized Mahalanobis dis- 1
tance). The hyperellipsoidal clusters, on the other hand, are achieved [t] = —{[y1(t + 1) — y} (t + D> + [y2(t + 2) — 95 (t + 2)]?
through local adjustments under the constraint that is embedded in k- 2 . 9.
means clustering procedure, i.e., a pattern is always assigned into its Fly2(t+3) —ya(t+3)°} (24)
nearest cluster center in term of the regularized Mahalanobis distance.

The final clustering does not usually deviate much from the initial
clustering except for the local shape of each cluster.
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