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A b s t r a c t .  It is widely reported in the literature that incremental clus- 
tering systems suffer from instance ordering effects and that under s o m e  
orderings, extremely poor clusterings may be obtained. In this paper we 
present a new strategy aimed to mitigate these effects, the Not-Yet strat- 
egy which has a general and open formulation and it is not coupled to  
any particular system. Results suggest that the strategy improves the 
clustering quality and also that performance is limited by its limited 
foresight. We also show that, when combined with other strategies, the 
Not-Yet strategy may help the system to get high quality chisterings. 

1 I n t r o d u c t i o n  

Ideally, intelligent agents should possess the ability of adapting their behavior 
to the environment over time through learning. Thus, learning methods should 
be able of updating a knowledge base in a continual basis as new experience is 
gained. Particularly, if an agent performing a clustering task [5] should be able of 
using its learned knowledge to carry out some performance task at any stage of 
learning, the conceptual scheme should evolve as every new instance is observed 
without simultaneously processing previous instances. This sort of clustering is 
often referred to as incremental clustering. As noted by Langley [8], there can be 
several interpretations of incremental learning. In the remainder of this paper, 
we will assume that  a clustering method is incremental if inputs one instance at 
a time, does not reprocess previous instances and maintains only one conceptual 
structure in memory. 

Incremental clustering, as defined above, has to rely on some sort of hill 
climbing strategy which triggers small modifications of the knowledge base as 
new instances are observed. This way of incorporating single instances into the 
cluster structure makes incremental systems to be sensitive to instance order, as 
widely reported in the clustering literature [4, 6, 7, 8, 9]. 
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Let I be an instance and P be a partition 
Let E be the expected utility/confidence of adding I to P 
Let of be the Not-Yet threshold value 
if E >_ a t hen  add(P,/)  

else add_NY_buffer(I) 
end i f  

Table  1. Not-Yet control strategy 

We say tha t  incremental clustering algorithms exhibit ordering effects when 
they may  yield different cluster structures when the same instances are presented 
in different orders. In some cases, they even can produce very poor quality clus- 
terings. The problem lies in that  a hill climbing strategy may  narrow too much 
the search through the clustering space in a manner  tha t  initial observations 
may  lead to a clustering scheme which does not reflect the real s tructure in the 
domain. In the worst case, the system might never be able of reaching a good 
clustering despite of gaining new experience. 

2 T h e  N o t - Y e t  s t r a t e g y  

Since our goal is to (at least partially) solve the instance ordering problem while 
maintaining the incremental nature of clustering systems, we propose a solu- 
tion to be applied during the clustering process. We refer to it as the Not-Yet  
strategy and it has a general and open definition. The strategy states tha t  the 
incorporation of instances will be deferred if they are in either one of the fol- 
lowing two cases, a) we do not expect the utility of the resulting clustering after 
incorporating the instance to be improved, and b) we do not have confidence 
enough about  how the instance should be included in the existing clustering. 
The Not-Yet strategy assumes the existence of a buffer which stores instances 
tha t  have not been incorporated into the clustering and some criterion to decide 
the moment  in which the buffer is cleared. 

In Table 1 an algorithmic formulation of the Not-Yet control s t ra tegy is 
shown. We introduce a parameter ,  a ,  which constraints the amount  of util i ty or 
confidence required for an instance in order to be incorporated into a clustering. 
If we assume E to be always positive, when a is 0, the Not-Yet control s t ra tegy 
simply reduces to the original clustering algorithm, which becomes a part icular  
case of a more general strategy. Although a system using the proposed s t ra tegy 
should perform better, it must  be noted tha t  the Not-Yet has a l imited foresight, 
so it may perform roughly the same in the worst case. 

Complexi ty when using our s trategy will vary from system to system de- 
pending on the cost of effectively incorporating an instance and comput ing the 
expected utility or confidence of adding the instance. However, most  clustering 
systems use some quality function to decide the best choice when an instance 
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Let I be an instance and P be a partition 
Let M1,M2 be the best and second best CQF 
Let a be the Not-Yet threshold value 
if  (1 - M2/M1) > ~ t hen  add(P,/)  

else add-NY_buffer(I) 
end i f  

Table  2. Implementation of the Not-Yet control strategy for the experiments. 

is observed, so it is likely that  this function is a good candidate to measure 
the amount  of utility/confidence. If this is the case, complexity is augmented 
by a constant factor. This factor is dependent on the times every instance is 
considered for incorporation into the cluster structure. 

3 Experiments 

In order to empirically evaluate the Not-Yet strategy we conducted several exper- 
iments using four well-known datasets of the UCI repository. Since the clustering 
task is an unsupervised learning task, we have treated labels just  as another at- 
tribute. In the experiments we assume a general model of hierarchical incremen- 
tal clustering using two basic operators, one for creating a new class and another 
to incorporate an instance to an existing class. A concept hierarchy grows in- 
crementally as new instances are observed after applying one of these operators 
according to the value of some cluster quality function (CQ[~. This is a typical 
model of incremental clustering using a hill climbing strategy which estimates 
the goodness of applying the available operators and chooses the best option, 
without reconsider any decision made. Particularly, this model corresponds to 
the one used in the COBWEB system [3]. The measure of category utility used 
in this system is also used in the experiments as the CQF. We used a COBWEB- 
like clustering strategy because it is simple, well-known and it has been applied 
(or augmented) in several learning systems [1, 7]. 

As stated before, we embed the basic control procedure into another one 
implementing the Not-Yet strategy. The buffer is cleared at. the end of the clus- 
tering process and, therefore, an unlimited size is assumed. The strategy does 
not incorporate an instance to a cluster structure if there is not evidence enough 
to decide between the available operators. As shown in Table 2, for each in- 
stance, a ratio between the second best CQF and the best one is computed. 
We consider that  an operator does not yield a significant better clustering than 
others if the confidence is below the c~ threshold, which is in the [0,1] range. In 
addition, instances in the buffer were randomized before reprocessing. 

Experiments were performed on both random and worst case orderings. Ta- 
ble 3 shows the results obtained with both orderings using several values of the 

parameter for the Not-Yet strategy. The zero value for this parameter corre- 
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Basic Augmented 
CQF Buffered inst. CQF Buffered inst. 

a Rand. Worst Rand. Worst Rand. Worst Rand. Worst 
0.0 1.49 (0,14) 0.91 (0.11) 0.00 0.00 1.62 (0.01) 1.12 (0.19) 0.00 0.00 

0.05 1.52 (0.12) 0.99 (0.13) 0.03 0.46 ll.61 (0.03) 1.42 (0.17) 0.21 0.37 
soyb. 0.10 1.49 (0.15) 1.02 (0.17) 0.11 0.80 !1.60 (0.05)11.52 (0.10) 0.52 0.80 
small 0.15 1.48 (0.15) 1.04 (0.12) 0.40 0.88 1.60 (0.04)1.58 (0.05) 0.69 0.89 

0.20 1.46 (0.12)11.10 (0.11) 0.81 0.90 1.61 (0.04) 1.58 (0.06) 0.83 0.90 
0.251.48 (0.13) [1.12 (0.11) 0.93 0.91 1.61(0.03) 1.59 (0.05) 0.93 0.93 
0.0 1.00 (0.10) 0.63 (0.14) 0.00 0.00 1.17 (0.02) 0.95 (0,14) 0.00 "0:00 
0.05J1.03 (0.09) 0.65 (0.14) 0.02 0.06 1.16 (0.03) 1.06 (0.11) 0.22 0.40 

soyb. 0.10 1.05 (0.10) 0.72 (0.10) 0.09 0.81 1.16 (0.03) 1.13 (0.07) 0.52 0.74 
large i9.15 1.07 (0.10) 0.73 (0.08) 0.31 0,96 1.16 (0.03) 1.16 (0.03) 0.82 0,96 

9.20 1.05 (0.11) 9.76 (0.08) 0.75 0.98 1.17 (0,02) 1.16 (0.03) 0.90 0.98 
0.25 1.01 (0.11)!0.77 (0.09) 0.92 0.99 1.16 (0.03) 1.16 (0.03) 0.96 0.99 
0.0 1.29 (0.28)0.85 (0.19) 0.00 0.00 1.61 (0.00) 1.43 (0.12) 0.00 0.00 

:0.051.33 (0.26) 0.82 (0.17) 0.00 0.01 1.61 (0.00) 1.50 (0.11) 0.01 0.30 
house 0.10 1.35 (0.25) 0.84 (0.15) 0.01 0.09 1.60 (0.05) 1.53 (0.10) 0.06 0.48 

0.15 1.34 (0.25) 0.83 (0.16) 0.08 0.72 1.60 (0.04) 1.58 (0.07) 0.17 0.80 
0.20 1.37 (0.25) 0.83 (0.13) 0.29 0.98 1.61 (0.01) 1.60 (0.01) 0.38 0.93 
0.25 1.35 (0:27) 0.85 (0.13) 0.64 0.98 1.61 (0.00) 1.60 (0.01) 0.66 0.99 
0.0 1.05 (0.12) 0.67 (0.17) 0.00 0.00 1.17 (0.03) 0.95 (0.14) 0.00 0.00 
0.05 1.06 (0.12) 0.67 (0.14) 0.02 0.10 1.17 (0.03) 1.05 (0.10) 0.13 0.39 

zoo 0.10 1.05 (0.13) 0.73 (0.11) 0.06 0.54 1.17 (0.03) 1.10 (0.08) 0.30 0,67 
0.15 1.03 (0.15) 0.77 (0.12) 0.19 0.87 1.16 (0.03)1.15 (0.05) 0.53 0.87 
0.20 1.00 (0.17) 0.76 (0.08) 0.45 0.92 1.17 (0.03) 1.16 (0.03) 0.70 0.93 
0.25 1.03 (0.17) 0.78 (0.09) 0.78 0.93 1.16 (0.03) 1.16 (0.03) 0.83 0.94 

Table  3. Clustering results. Averages and standard deviations over 50 trials 

sponds to the original algorithm without buffering any instance. Although we 
are using a hierarchical clustering method,  the CQF is given only for the top 
level, which is expected to score highest [4] 

Results demonstrate  that  instance ordering has a critical effect in cluster 
quality. The quality of discovered clusterings consistently drops in a 35-40% 
when bad orderings are used, being far from the opt imal  values found in the 
li terature [4]. The Not-Yet strategy modest ly  improves results in the r andom 
case, but note that  the good performance of the original clustering procedure 
on random orderings lets little room for improvement.  With bad orderings, the 
s trategy improves the poor scores obtained with the basic algori thm up to a 
20%. However, results are still far from the ones obtained with random orderings. 
Table 3 shows that  the number  of buffered instances increases as the a value 
does, and also that  this increment is faster with bad orderings. This demonstra tes  
the ability of the Not-Yet strategy for detecting bad instance orders. 

In our second experiment,  we augmented the basic clustering procedure by 
adding the merge and split operators used in COBWEB.  Briefly, the merge 
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operator modifies a hierarchy by combining two existing clusters while the split 
operator breaks existing clusters into smaller ones. Split and merge operators 
provide a sort of backtracking to the clustering system. However, due to the fact 
that they are only triggered by new observations, their impact is still limited. 

Again, there is almost no chance to improve the results obtained with ran- 
dom orderings. However, our strategy allows the system to reach high quality 
clusterings under bad instance orderings. These results suggest that combination 
of several strategies may yield better results than their isolate application. 

In both experiments, the most important improvements are obtained at the 
expense of maintaining a big Not-Yet buffer, i.e., with high a values. It may 
appear counterintuitive with the idea of incremental learning to maintain a buffer 
of about the 90% of the instances in the dataset. A solution could be to limit the 
Not-Yet buffer in a way that it would be cleared several times during learning. It 
is not clear how this limitation would affect performance and further experiments 
should be made. 

4 R e l a t e d  w o r k  

Several works have approached the ordering problem in incremental clustering, 
although this research has mainly benefited from two particular approaches. 
Lebowitz first introduced the idea of deferred commitment within the frame- 
work of his UNIMEM conceptual clustering system [9]. Our proposal extends 
Lebowitz's work by decoupling the buffering strategy from any particular sys- 
tem. Also, we have introduced the c~ parameter, that allows to see the original 
algorithm as a particular case of the new control strategy. We think that this for- 
mulation should help in applying the strategy to any existing algorithm without 
any major changes. 

The second related work is the application of this strategy to the LINNEO + 
clustering system [2, 10]. This work contains the basic ideas proposed here, but 
agMn the application is tuned for an specific system and the problems studied 
are deeply related to a particular clustering strategy. 

Also, we have to mention relevant Fisher's work on iterative optimization 
of clusterings [4]. This work explores several methods for iteratively improving 
clustering quality, showing that among these methods some exhibit an optimum 
performance. But recall that these methods operate by reprocessing the whole 
dataset and violate the constraints stated for incremental clustering. 

5 C o n c l u s i o n s  a n d  f u t u r e  w o r k  

A new buffering strategy has been proposed to deal with ordering effects. We 
think that the formulation of the strategy is open in the sense that it is not 
coupled with any particular evaluation function or algorithm. Since the strategy 
is applied during the clustering process, its impact over the entire conceptual 
structure is limited as the experiments have shown. Nevertheless, in the worst 
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case ordering, the Not-Yet strategy consistently improved the quality of  obtained 
clustering, specially when combined with additional operators.  I t  is difficult to 
assess the quality of this improvement  beyond the simple quant i ta t ive analysis 
in terms of the C Q F .  For some applications it can suppose an impor tan t  im- 
provement, in terms of understandabili ty or performance while for others it m a y  
be imperceptible. These benefits are obtained at the expense of mainta ining a 
large Not-Yet buffer. Since an incremental system has to be able of using the 
acquired knowledge for some performance task at any learning stage, we have to 
assume tha t  the system has also to be able of quickly incorporate the buffered 
instances before actuating. If this was not possible, the system should carry out 
the performance task with the partial  knowledge structure learned so far. Future 
work will s tudy the Not-Yet performance limiting the buffer size. In practice, 
buffer size will be limited by the amount  of instances that  the system can man-  
age in a reasonable amount  of t ime before entering in 'performance mode '  and 
this t ime will be dependent on the particular application. 

We plan to extend this work by considering a number  of different, probably  
more complex, buffering strategies. :Extensions studying the order of instances in 
the buffer, the criterion to reprocess instances or the number  of t imes instances 
may  be reprocessed appear to be promising topics for further research. 
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