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Abstract

Adaptive clustering uses external feedback to improve
cluster quality; past experience serves to speed up execu-
tion time. An adaptive clustering environment is proposed
that uses Q-learning to learn the reward values of suc-
cessive data clusterings. Adaptive clustering supports the
reuse of clusterings by memorizing what worked well in the
past. It has the capability of exploring multiple paths in
parallel when searching for good clusters. In a case study,
we apply adaptive clustering to instance-based learning re-
lying on a distance function modification approach. A dis-
tance function adaptation scheme that uses external feed-
back is proposed and compared with other distance func-
tion learning approaches. Experimental results indicate
that the use of adaptive clustering leads to significant im-
provements of instance-based learning techniques, such as
k-nearest neighbor classifiers. Moreover, as a by-product
a new instance-based learning technique is introduced that
classifies examples by solely using cluster representatives;
this technique shows high promise in our experimental eval-
uation.

1. Introduction

A clustering algorithm finds groups of objects in a pre-
defined attribute space. Since the objects have no known
prior class membership, clustering is an unsupervised learn-
ing process that optimizes some explicit or implicit criterion
inherent to the data such as the squared summed error [9].
The main criticism of the fixed-criterion approach is that it
is excessively simplistic and does not accurately capture the
user’s understanding of the true nature of the data.

This paper introduces a novel data mining technique we
term adaptive clustering. The central idea is to use rein-
forcement learning (RL) algorithms that can incorporate
feedback and past experience to guide the search toward
better clusters. We propose an adaptive clustering environ-
ment that modifies the weights of a distance function based
on feedback. Our approach employs a traditional RL frame-
work in which states consist of a set of cluster representa-

tives and distance function weights and actions modify the
weights.

Since the application of a RL algorithm to clustering is
unusual, it is worthwhile to discuss our reasons for this fu-
sion of ideas. The goal of weight-based distance function
learning is to find the weights that induce a clustering that
best meets externally defined objectives. This is clearly an
optimization problem, but we can extend the objective of
adaptive clustering to support relearning. We envision the
adaptive clustering environment as a continuously running
process that can perform clustering tasks with dynamic data
and potentially interactive evaluations. This is similar to
the goal of RL algorithms, which are often applied in dy-
namic environments subject to changing external rewards
[7,10, 11, 13].

The paper is organized as follows. Section 2 introduces
the idea of and environment for adaptive clustering. Section
3 introduces a framework that applies adaptive clustering to
instance-based classification. Section 4 provides the results
of an experimental evaluation of the proposed framework.
Section 5 concludes the paper.

2. Adaptive Clustering

The adaptive clustering environment is a non-
deterministic RL environment with states, actions,
and rewards. A clustering algorithm forms a clustering on
the data using its current distance function. The objective
function evaluates the clustering and returns a reward.
Given the current cluster representatives and reward, the
RL algorithm selects a weight-changing action to apply
to the distance function. The clustering algorithm forms
a new clustering using the new distance function. This
process repeats for a fixed number of iterations.

The state space consists of pairs of cluster representa-
tives and distance function weights. The state vector con-
tains the k d-dimensional cluster representatives and the d
attribute weights:
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Figure 1. Adaptive clustering search strategy.

where r;; is the jth coordinate value of the ith centroid.

Given a state, the learner can take an action that either in-
creases or decreases the weight of a single attribute. Given
the old weight vector w of length d, the action generates a
new weight vector w’:
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where ¢* is the index of the attribute whose weight will be
changed, the constant A € [.25,.5] is a randomly chosen
percent change of the target weight, and the last equation is
the renormalization of the weights. Given d attributes, the
learner chooses one of 2d actions that increases or decreases
the weight of an attribute by adding or subtracting Aw;.
The distance function then becomes:

d
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where o; and o; are d-dimensional objects and w =
(w1, ...,wq) is the new, normalized weight vector whose

components are non-negative and Zle w; = 1.
2.1. Search Strategy

The search process uses the Q-learning algorithm to es-
timate the value of applying a particular weight change ac-
tion to a particular state. It maintains an open list L =
{S1,...,8|r|} of search states where each state S; =
(s, a, v) consists of the state vector s from the environment,
the action a to execute, and Q-value v of the state-action
pair according to value iteration. Like RL algorithms, the
search process executes the actions in the states with the
highest Q-values. Like a local beam search algorithm and
unlike most RL algorithms, it keeps the top |L| > 1 most
valuable states for execution in parallel [12].

As an example, Figure 1 further illustrates the search
strategy. The figure assumes that the open list is of size
2. We assume that the open-list currently contains states
S1 and S corresponding to state vectors s; and s, respec-
tively. Since the example has only one attribute, we either
increase or decrease its weight. In search step 1, the algo-
rithm creates a new open list that contains all single-action
successors of the search states in its current open list. The
bottom-row search states contain the current state vector
and the action to execute. The algorithm looks up the Q-
value of each of the 2d bottom-row states and then keeps

the | L| = 2 states having the largest values (shown in bold).
The RL agent then applies the selected action in each of
the bold search states. The prioritized sweeping algorithm
next performs value iteration of the new reward values for
all states in the new open list. The search continues until
a fixed-number of steps have elapsed and returns the state
with the highest reward value as its solution.

2.2. Complexity Concerns

From the previous discussion, it is obvious that the state
space is very large. Adaptive clustering performs well in
such large state spaces because it uses a variant of the Q-
learning algorithm called prioritized sweeping [10]. This
algorithm presumes that in a large state space, maintain-
ing a value estimate for individual states makes learning
unnecessarily slow. Its solution is to apply Q-learning to
states based on a priority related to their value and recent
frequency of activation.

The priority heuristic of the prioritized sweeping algo-
rithm complements our beam search strategy well. The pri-
ority of a state’s update depends on the absolute difference
between the change in the expectation of reward given the
obtained reward. For example, if the obtained reward causes
the expectation to change from 5 to either 3 or 7, the al-
gorithm will update states with the same priority. Having
updated value information on paths that have significantly
changed allows us to quickly concentrate on paths that sud-
denly appear better rather than worse. Thus, adaptive clus-
tering can better concentrate on paths that suddenly appear
more attractive without having to continually generate and
evaluate novel states.

3. Experimental Evaluation

The experiments use k-means as the underlying cluster-
ing algorithm. It uses centroids as cluster representatives
and creates clusters by assigning objects in a dataset to the
nearest centroid [9]. The objective function R determines
the worth of a particular clustering by computing the infor-
mation gain of the objects in the clusters with respect to the
original unclustered data [12]:
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where O is the original dataset, X is a clustering on O, ¢;
is one of the k mutually exclusive and exhaustive clusters
of O, and H(CL,V) is the entropy with respect to the dis-
tribution of classes ¢/ € CLin V. H(CL,V) is computed
by iterating over the individual classes in the data set. In
summary, information gain computes the weighted average
of the entropy with respect to the class distribution in each
cluster.

The justification for the information gain objective func-
tion is obvious. A distance function that results in a clus-
tering with high information gain places examples of the
same class closer together than in the original dataset. In
conjunction with a k-nearest neighbor classifier, we obtain
high predictive accuracy simply because the learned dis-
tance function isolates local regions in the dataset with high
class purity.

3.1. Procedure

The experiments compare classification accuracy with
learned weights from the adaptive clustering algorithm and
two related distance function learning algorithms'. The
first related distance function learning algorithm employs
a weight-updating heuristic that changes weights based on
class density information in clusters [5]. The second uses
a randomized hill climbing algorithm to search for good
distance function weights [3]. It selects a randomly cre-
ated weight vector as the current weight vector, creates m
(m = 30 was used in the experiments) new weight vec-
tors in the neighborhood of the current weight vector, and
selects the weight vector with the highest value for the ob-
jective function R as the new current weight vector.

After applying each algorithm to learn weights, we apply
one of two instance-based classifiers: 1-NN and NCC. The
1-NN classifier is the one nearest-neighbor classifier [12].
The Nearest Centroid Classifier (NCC) clusters the training
data, retains the cluster centroids, and assigns to the cen-
troid the most common class in the cluster. At each incom-
ing point, the NCC finds the nearest centroid and assigns its
class to the point.

The experimental procedure is to apply adaptive clus-
tering to several datasets from the UCI machine learning
repository [2]. We apply adaptive clustering with param-
eters k = C with |L| € {1,30,60} and k& = 5C with
|L| = 60 where C' is the number of classes. The experi-
ment performs 10 runs of 10-fold cross-validation on each
of the datasets. Each run of cross-validation consists of 20
iterations each of which is run for a randomly created initial
set of clusters. The weight vector with the highest reward
is then sent as a parameter to the 1-NN and NCC classifiers
to classify the examples in the test set. After an iteration is
completed, the open list is cleared. Each iteration consists
of 50 steps in the learning process. Each step expands state-
action pairs based on value and follows the search process
described in Section 2.1.

'More details about the experiments are available from the authors [1].

4. Experimental Results

Table 1 shows the results for experiments that compare
adaptive clustering to 3 variants of the 1-NN classifier for a
benchmark consisting of UCI datasets [2]. The + columns
indicate statistical significance using the paired ¢-test of sig-
nificance with significance level 0.10 for the 10 runs. For
example, the adaptive clustering algorithm with parameters
k = C,|L| = 1 is significantly better than all three compar-
ison algorithms for the autos dataset and worse only com-
pared to algorithm 3 for the ionosphere dataset.

Experiment 1 in Table 1 compares the 1-NN classifier
with an equally weighted distance function to 1-NN with
learned weights. Adaptive clustering achieved a consistent
improvement in accuracy for open list sizes greater than
one. The diabetes dataset, which was significantly worse
with open list size 1, became not significantly worse with a
larger open list. On average, the results improve over all the
data sets; furthermore, the results tend to improve with the
size of the open list. In summary, the capability to explore
multiple paths in parallel when searching for good distance
functions leads to better accuracies for the tested classifiers.
Moreover, increasing the number of clusters from C' to 5C'
increases the average accuracy for all datasets further.

Experiments 2 and 3 compare the traditional 1-NN clas-
sifier with learned weights from a density-based weight-
updating heuristic [5], a randomized hill-climbing algo-
rithm (RHC) [3], and the adaptive clustering algorithm. The
results show a substantial improvement in several of the
tested datasets over the two distance function learning al-
gorithms. For the breast-cancer and glass datasets, the im-
provement is most obvious.

Figure 2 compares the NCC classifier using equal
weights with the traditional 1-NN classifier and the NCC
after learning weights. Interestingly, using adaptive clus-
tering leads to a quite dramatic increase in accuracy when
using NCC. Since this classifier makes its decision only us-
ing the cluster centroids, even a small change in the distance
between points and centroids has a significant impact. For
several of the datasets, a large difference in accuracy can be
observed. Notably, the accuracy for the vowel dataset im-
proved from 12% to over 99%. In addition, the NCC with
learned weights achieved a higher average accuracy than the
traditional 1-NN classifier. This interesting result suggests
that adaptive clustering sufficiently improves cluster quality
so that by just using cluster representatives instead of all ob-
jects in the dataset, one can achieve a better accuracy than
the 1-NN classifier.

5. Conclusion

Users of clustering algorithms often have some idea of
a good clustering of a dataset but often cannot quantify
their ideas. Adaptive clustering uses external feedback to
learn attribute weights for clusterings that better meet these
objectives. Recent work in semi-supervised and super-
vised clustering demonstrates that the alteration of attribute
weights in a distance metric can help to address user needs



1: I'NN | 2: RHC[3] | 3: IOWA [5] k=C,|L|=1 k=C,|L|=30 | k=C,|L| =60 | k=5C,|L| =60
Dataset W o W o o o o o + W o + w o + w o +
autos 7455 132 | 5530 470 | 5976 418 75.53 144 128 | 7513 178 23 75.28 122 23 7538 133 123
b. c. 6858 182 | 5507 611 | 6180 530 68.58 1.82 23 68.58 1.82 23 68.58 1.82 23 6858 182 23
b.c.w. 9565 034 | 9642 096 | 9704 027 9538 057 23 9549 039 23 9528 032 23 9564 044 3
credit-rating 8158 065 | 8159 220 | 7552 527 81.86 083 3 8174 057 3 8177 072 3 8184 087 3
diabetes 7062 084 | 7369 203 | 7288 285 6929 097 123 | 6975 118 123 | 7012 111 23 69.91 1.28 23
german-credit | 7163 068 | 7054 235 | 686l 3.76 7128 073 1 7092 080 1 7120 064 1 7142 060
glass 6995 093 | 6860 304 | 6677 315 6889 200 7220 189 128 | 7201 256 128 | 7626 218 123
heart-c 7570 084 | 7767 192 | 7704 303 76.62 1.03 1 76.59 121 7665 088 1 7672 107 1
heart-h 7833 106 | 7590 218 | 7648 377 78.32 134 2 7840 111 2 7786 162 78.43 167 2
heart-statlog 7615 088 | 7907 365 | 7967 508 76.63 159 77.41 134 7726 111 7737 086 1
ionosphere 87.10 049 | 8519 453 | 9015 091 8724 088 3 8824 088 13 8721 091 8852 112 13
sonar 8617 084 | 7387 297 | 7602 146 8579 193 23 8612 185 23 86.07 1.48 23 8622 105 23
vehicle 6959 067 N/A 63.96 150 69.14 089 3 68.83 1.09 13 68.59 125 3 70.55 112 13
vote 9223 050 | 9522 191 | 9425 136 9223 050 23 9223 050 23 9223 050 23 9223 050 23
vowel 9905 014 N/A N/A 9822 051 1 99.15 019 1 9927 026 1 9905 024
200 9655 050 | 9285 196 | 9225 3.06 9655 050 23 9655 050 23 9655 050 23 9655 050 23
Average 80.84 7721 7681 80.72 81.08 81.00 81.54

Table 1. Average and standard deviations for improvements to the 1-NN classifier. The + columns

show improvement (bold) and degradation.

Improvements to NCC vs. 1-NN
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Figure 2. Results comparing the 1NN classi-
fier against the NCC classifier and its best
and worse improvements with adaptive clus-
tering.

[4, 6, 8, 14]. Most of those techniques, however, require the
user to assess cluster quality at a very low level of granular-
ity. In adaptive clustering, it is sufficient to assign a reward
to the clustering as a whole.

We discussed the results of a case study that applied
adaptive clustering to learn distance function weights to
maximize externally defined objectives. In particular, adap-
tive clustering was used to enhance existing instance-based
classifiers using information gain as the objective function.
Using the learned weights, the 1-NN classifier achieves a
statistically significant improvement in accuracy for several
datasets. Furthermore, a classifier that only uses the clus-
ter representatives to classify incoming instances uses the
learned weights to achieve, on average, the same or better
accuracy than the more costly 1-NN classifier. Based on its
improved accuracy, the technique can find more informative
clusters and representatives in this domain.
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