











Cluster 1 Cluster 2 Cluster 3 Cluster 4
shared trains tracking turing
multiprocessors spoken freedom reduction
cache dialogue movements nondeterministic
synchronization discourse perception collapse
locality plan calibration boolean
remote speaker target oracle
load utterance sensor bound
latency corpus eye prove
contention conversational filters reducible
locks parser cameras counting
operating act behaviors circuit
block inferences manipulator fewp
message semantic motor pspace
butterfly disambiguation robotic relativized
caches linguistic arm string
policies reason stage membership
page lexicon reconstructing sat
busy phrase indoor equivalent
wait coverage acquiring automata
multiprogramming deductive geometry polynomially

Table 3: The four word clusters obtained using /IFD on CSTR
dataset. Cluster 1, 2, 3, and 4 represent Systems, Natural Lan-
guage Processing, Robotics/\Vision, and Theory respectively. For
each cluster, only top 20 words based on the associated degree
in the final feature coefficients are included.

based and grid-based [7]. Most of these algorithms use distance
functions as objective criteria and are not effective in high dimen-
sional spaces. The IFD algorithm has connections with various
recent clustering algorithms such as co-clustering [4], informa-
tion bottleneck(IB) [14], CoFD [12], non-negative matrix factor-
ization(NMF) [11], spectral clustering [15], binary matrix decom-
position [10], subspace clustering [1], adaptive feature selection [5]
and etc. The related work can be briefly summarized in Figure 2.
The iterative dual optimization in /FD is similar to co-clustering,
and the cluster model with data and feature coefficients in IFD is
similar to that the data and feature maps in [12]. The optimization
procedure of IFD converges to the span of dominant eigenvectors
and this share the spirit of spectral clustering [15]. By iteratively
reinforcing updating, /FD performs an implicit adaptive feature se-
lection at each iteration and has some common ideas with adaptive
feature selection methods. Since each cluster obtained in IFD is as-
sociated with some features, IFD can then be regarded as adaptive
subspace clustering.

7. CONCLUSIONS

In this paper, we introduced a new cluster model based on data
and feature coefficients and then proposed a mutually reinforcing
optimization procedure to iteratively cluster both data and features.
We also gave a theoretical analysis on the convergence property of
the iterative procedure. Experimental results suggested that IFD is
a viable and competitive clustering algorithm.
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