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Abstract This paper considers the suitability and
efficiency of a highly parallel computer, the ICL
Distributed Array . Processor (DAP), for document
clustering. Algorithms are described for the
implementation of the single-pass and reallocation
clustering methods on the DAP and on a
conventional mainframe computer. These methods are
used to classify the Cranfield, Vaswani and UKCIS
document test collections. The results suggest
that the parallel architecture of the DAP is not
well suited to the variable-~length records which
characterise bibliographic data.
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1. INTRODUCTION

Cluster analysis, or automatic classification, is
the name which is given to a range of techniques
for the classification of datasets. By looking at
similarities between objects in the dataset, it is
possible to didentify groups, or clusters, of
objects which are alike in some way. The
applications of cluster analysis are widespread
(Jardine and Sibson, 1971; Anderberg, 1973; Dubes
and Jain, 1980). In the 1information retrieval
context, cluster analysis has been wused for the
clustering of documents, where the similarities
are derived from the numbers of terms 1in common
between documents, and for the clustering of
terms, where the similarities are derived from the
numbers of documents 1in which terms co-occur
(Satton and McGill, 1983)., Interest in document
clustering for information retrieval arises from
its potential for 1dimproving the efficiency and
effectiveness of retrieval, as well as providing
an alternative to the conventional Boolean search
strategies (van Rijshergen, 1979; Salton and
McGill, 1983; Vorhees, 1985).
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Clustering methods c¢an be broadly divided
into two types: hierarchic methods and non-
hierarchic, or - partitioning,  methods. - The

hierarchic methods use an NxN similarity matrix,
containing the pairwise similarities in a dataset

of size N objects, to create a nested set of
clusters. The non-hierarchic methods divide a
dataset into a single Level partition, with or
without overlap between the clusters; the same
method can then be applied to the resulting

partition to produce a hierarchy of partitions.
Both types of method have been used for document
collections. The extensive clustering experiments
carried out in the SMART Project (Salton, 1971
used a variety of non-hierarchic methods; more
recent work (Croft, 1977; Griffiths et al., 1984;

Vorhees, 1985) has wused the hierarchic methods.
These have been shown to be substantially more
effective for retrieval than the non-hierarchic
methods; however, they are substantially Lless
efficient 1in operation since the non-hierarchic
methods do not idinvolve the calculation and

processing of the inter—document similarity matrix
(whéch has a time requirement of at least order
0(N™) for a collection of N documents).

Clustering methods require the calculation of
the similarity between items; for this, some
similarity or distance function is required, and a
number of similarity functions have been applied

to the clustering of document collections (Salton
and McGill, 1983). The one used 1in the work
reported here, the Dice Coefficient, 1is typical;

for two objects, D and DJ, the coefficient is

given by 1
= + =
S(DI,DJ) 2% I:dIK*dJK/( = dIK dJK)
where DI = (dI1'dI yaee,d.), T is the number of
terms 3In the dindexing “vocabultary, d is the

weight of the K'term in the I'th object, and where
the summations are from K=1 to K=T. In information
retrieval applications, many of the d K elements
will be zero-valued, and it is often t%e case that
only the non-zero elements are stored. In a
typical document clustering routine, the objects
are either documents or clusters, and this
function must be evaluated for each and every
document-document or document-cluster pair, making
clustering a computationally demanding process.
There has thus been considerable interest in the
development of algorithms which can allow these
similarities to be calculated as efficiently as



possible (Croft, 1977; Willett, 1981; Vorhees,
1985). An alternative way of increasing clustering
efficiency 1is by the wuse of parallel computer
hardware, which allows some or many similarities
to be calculated simultaneously. Many types of
parallel machine have been developed, and these
have been comprehensively surveyed by Hwang and
Briggs (1984). 1In Flynn's  typology (1966,
conventional serial machines are designated as
SISD - single idnstruction stream, single data
stream; that is, instructions are executed
sequentially on a serial stream of data items.
Parallel machines are either single instruction
stream, multiple data stream (SIMD) or multiple
instruction stream, multiple data stream (MIMD),
according to  whether the processors act
synchronously or independently. Parallel
algorithms may %e inherently suitable for SIMD or
MIMD machines zccording to their requirements for

communication, control and processor geometry
(Kung, 1976).
Most parallel computers have been developed

for the study of scientific problems which involve

extensive  numeric computations; non=numeric
applications of parallel processors are less well
developed, with most attention being given to the
development of hardware support for database
management operations (Hsaio, 1983). There have
been several studies of the use of parallel
processors for clustering, but this has

principally been for pattern recognition and image
segmentation applications (Jackson et al., 1982;
Ni, 1985; White, 1985). However, the nature of
document clustering suggests that it is a suitable
candidate for parallel processing since, as Salton
and Bergmark (1981) note, there is a high degree
of parallelism in the calculation of a set of
inter-document similarity coefficients: the same
operation must b2 repeated many times on different
data, and the results of the individual
calculations ars not interdependent. This type of
parallelism is w2ll suited to an SIMD processor,

for example an array processor (Hwang and Briggs,
1984), which can evaluate Llarge numbers of
similarity ceafficients simultaneously by

providing each processing element 1in the array
with the data required for a single calculation,
and matching a specified document against all of
the elements in parallel. If there are N
processors, then the time complexity of computing

the elements ,of an NxN similarity matrix reduces
from order O(N") to order O(N) 1if there are no
serial bottlenecks or inter-processor

communications costs which interfere significantly
with the parallelism. Some initial studies of the
use of a parallel array processor for calculating
query-document similarity coefficients have been
reported by Pogue and Willett (1984) who compared
serial nearest neighbour document retrieval on
such a processor with that on a conventional
mainframe computer. Repeated nearest neighbour
calculations Llie at the heart of most clustering
methods and an array processor should thus also be
appropriate to this type of processing.

The work described in this paper 1is an
examination of the suitability of a parallel
processor, the ICL Distributed Array Processor
‘bAP), for clustering large document collections
uning the single-pass and reallocation clustering
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methods. In particular, the efficiency of the DAP
for document clustering will be compared with that
of a large serial mainframe, the IBM 3083 BX.
After a brief description of the DAP and of the
document collections which were used, Section 3
discusses the two clustering methods and Section 4
the algorithms which were used to implement them
on a DAP and on an IBM 3083 BX. The experimental
results are presented and discussed in Section 5.
The paper closes with our conclusions  and
suggestions for future work.

2. EXPERIMENTAL DETAILS

2.1 The ICL Distributed Array Processor

The DAP s a highly parallel, SIMD machine with
large numbers of processing elements, or PEs,
linked in a 2-D array; the DAP wused in our

experiments contained a total of 4096 PEs. The
PE's are arranged in a 64x64 matrix and receive
instructions broadcast from a Master Control Unit
(MCU) so that processing activity is identical in
all PEs (though for a particular operation it is
possible to designate a PE as active or inactive
through the use of a logical mask). Processing
within each PE is bit-serial 1in nature and
relatively slow; however, the great number of PEs
means that very high processing rates can be
obtained, given an appropriate algorithm which can
map the problem under investigation onto the
processor array. Each PE has an associated 16
Kbits of storage, for a total of 8 Mbytes, with
all data input and output being carried out via a
host ICL 2980 mainframe. The programming Language
used 1is DAP FORTRAN, a version of FORTRAN with
additional parallel functions and operations. More
detailed descriptions of the DAP hardware and
software are provided by Parkinson (1982), Hunt
and Reddaway (1983) and by Carroll et al. (1987).

2.2 Performance measurement

The performance of a parallel computer is normally
expressed in terms of the speed~up; the speed-up
with P  processors, s, is defined by
S(PI)=T(P)/T(1) where T(1) and T(P) are the run-
times to perform some operation on 1 and P
processors respectively. Parkinson and Liddell
(1983) suggest that this definition is not
applicable to an array processor Llike the DAP,
where T(1) has no real meaning. Moreover, the
algorithms which are best suited to a parallel
processor are often not those most appropriate on
a serial processor which further complicates the
comparison. The approach taken here is to note the
time required by a serial processor running a
range of algorithms for the clustering task, and

then to compare this with the time required for
the same task by a parallel algorithm running on
the DAP.

Three  document collections were wused as
detailed in Table 1. In each collection, the’
keywords representing a document were stemmed
using an automatic suffix stripping routine; the

documents
numbers.

were then represented by lists of stem



Table 1: Characteristics of Test Collections

4
+

Collection | cranfield | UKCIS Vaswani

Number of 1400 27361 11429
documents

Most terms 1M 25 105
per document

| Mean terms | 28.7 6.7 20.3

in a document

Total postings 40241 182414 231920

+
+

Atl clustering runs were carried out on the 64x64
DAP at Queen Mary College, London, and on a
conventional mainframe computer, this being an IBM
3083 BX at the University of Sheffield; the cycle
times of these two machines are 200 and 24
nanoseconds respectively. The DAP programs were
encoded in DAP-FORTRAN and the IBM programs in
FORTRAN/VS using the level-3 optimising compiler.
ALl of the data needed for each of the runs was
Lloaded into main memory so that the recorded run-
times do not include input-output operations.

3. CLUSTERING PROCEDURES

Two non-hierarchic clustering methods are studied
in this report, these being the single-pass method
and the reallocation method.

The single-pass method, the simplest of the
partitioning methods, operates as follows (Salton,
1971; Fritsche, 1974; Willett et al., 1986):

1. Make the first document the representative
for Cluster 1.

2. For the next item, calculate the
similarity, S, with each existing cluster
representative, using some standard
similarity coefficient.

If the highest calculated S 1is greater
than some specified threshold value, SMAX,
add the document to the corresponding
cluster and redetermine the cluster
representative; otherwise, use the
document to initiate a new cluster. If any
documents remain to be clustered, return
to Step 2.

This method requires only one pass through the
dataset, and hence its name; the time requirements
are typically of order O(NlogN) for order 0(lLogN)
clusters. This  makes it a very efficient
clustering method on a serial processor. A
disadvantage is that the resulting clusters are
not independent of the order in which the
documents are processed, with the first clusters
formed usually being Llarger than those created
Llater in the clustering run. However the
simplicity of the method makes it a suitable
candidate for initial clustering work on the DAP,
and it serves to demonstrate the Llink between
clustering requirements and hardware restrictions.
Moreover, the clusters created in the single pass
method provide a useful starting position for the
reallocation method.
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Reallocation methods, in which items are
moved between clusters until a stable arrangement
is reached, are computationally more demanding
than the single pass methods. It 4is possible,
however, to overcome the order dependence of
single-pass methods, without the computational
investment required for hierarchical methods
(Willett, 1980). Typically, a reallocation
algorithm is as follows:

1. Select M
centroids.
2. Assign each document in the
most similar centroid.
Recalculate the cluster centroids.
Steps 2 and 3 constitute one pass through
the file. If none, or less than some user-
specified number of documents have changed
cluster membership, stop; otherwise return
to Step 2 for another pass through the
file.

cluster representatives or

set to the

Although 1in theory most reallocation methods will
converge (i.e., require no further changes in
cluster membership) (Anderberg, 1973), there is no
upper bound to the number of passes which may be
required. However, in practice,four or five passes

through the dataset are usually sufficient to
provide clusters in which no, or relatively
Little, further movement 1is required (Willett,

1980; Willett et _al., 1986).

A number of ways of specifying the initial M
cluster centres have been suggested, 1including
using M randomly selected items (Forgy, 1965),
using the first M documents when ranked in order
of similarity with the centroid of the entire
collection (Hartigan and Wong, 1979), or using the

set of centroids resulting from an initial single
pass procedure (Hartigan, 1975); this last
approach is well documented and 1is wused 1in the
work described here.

The description of the two  methods
illustrates the central dimportance of nearest

neighbour searching, since both are based upon the
repeated assignment of documents to the most
similar cluster. Accordingly, much of our work has
been devoted to considering the implementation of
the nearest neighbour components of the methods.
Specifically, three nearest neighbour algorithms
(SA, SB and SC) were implemented on the serial IBM
processor and a parallel nearest neighbour
algorithm on the DAP; this work is discussed in
the following section.

4. IMPLEMENTATION OF THE CLUSTERING METHODS

4.1 Serial nearest neighbour searching algorithms

Three nearest neighbour algorithms (SA, SB and $C)
were implemented on the IBM 3083 processor.

Algoritﬁm SA. This algorithm was used by Pogue and

Willett (1984) 14in their study of best match
retrieval. For every document—cluster pair which
needs to be compared, pointers are maintained in
both the document and cluster term Lists; these
pointers are moved asynchronously along the lists
term by term, incrementing the similarity value as
matches are found. The algorithm assumes that the



lists of document terms have previously been
sorted into order. In pseudocode, the process is
represented as follows, where N and M are the
numbers of documents and clusters and where P and
@ are the numbers of terms in the current document
and in the current cluster representative:

DO FOR 1 TO N

DO FOR 1 TO M
I:=1
J =
DO WHILE (I <= P) AND (J <= Q)
IF DocumentTerm(I) > ClusterTerm(J)
THEN J == J#1
ELSE IF DocumentTerm(I) < ClusterTerm(J)
THEN I := I+1
ELSE

add the term weight to the
similarity value
I :=1I+1
J 1= U4+
Calculate the similarity coefficient.

P+Q comparisons
cluster pair.

are required for each document-

Algorithm SB. In this algorithm, the document to
be clustered is converted to a logical record; it
is stored as a bit string with the I'th bit set to

true if the I'th term has been assigned to the
document (1 <= I <= T). Thus, the similarity
calculation for a document—cluster pair involves

using each cluster term value as an index to the
document bit string:

DO FOR 1 TO N
Convert the current document to logical form
DO FOR 1 to M
J =1
DO WHILE J <= Q
IF bocumentTerm(ClusterTerm(J)) is True
THEN add the term weight to the
similarity value
J 1= J#
Calculate the similarity coefficient.

The number of comparisons required for each
document-cluster pair is simply Q, the length of
the cluster term List, and is independent of P.

based on

Algorithm SC. Algorithms SA and SB are

the use of the serial file organisation, in which
the current document is matched against one
cluster after another. Efficiencies of operation

on a serial processor can be obtained by use of
the idnverted file organisation; this Limits the
number of document-cluster similarity calculations
which need to be carried out. Croft (1977) has
demonstrated the use of the dinverted file to
eliminate the calculation of zero-valued
similarity coefficients, this being achieved by
carrying out pairwise calculations for documents
which occur 1in the same inverted file lists.
Further improvements are possible (Willett, 1981;
Perry and Willett, 1983) if terms in the cluster
representatives are stored in the form of an
inverted file; the document term List can then be
used as indices to the inverted term~cluster Llists
which are needed for the similarity calculation.
The algorithm is as follows:
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DO FOR 1 to N
I :=1
DO WHILE I <= P
Access the inverted file Llist
corresponding to DocumentTerm(I)
DO FOR 1 to NumberOfClusterOccurrences
in this list
Add the term weight to the similarity
value corresponding to the current
cluster
I :=1I#
DO FOR 1 TO M
Calculate the similarity coefficient.

The similarity coefficient 1is computed only for
those clusters which have terms in common with the

document. SC is the algorithm most unlike the
parallel algorithm described below, since it
attempts to improve efficiency by Llimiting the
number of calculations required rather than by

making the calculations faster as in algorithms SA
and SB (where all of the document-cluster
similarity coefficients are calculated).

4.2 Parallel nearest neighbour searching algorithm

A basis
hardware
possible
As each

for using the parallelism in the DAP
is provided by the observation that it is
to store each cluster in a separate PE.
document is processed in turn it is
compared with all of the PEs which contain a
cluster, thus allowing the simultaneous matching
of the current document with all of the existing
clusters (for M <= 4096). Once the contribution to
the similarity value of all matching terms has
been tallied, the remaining calculation (dividing
by the denominator 1in the Dice Coefficient) can
also be carried out in parallel. An intrinsic DAP
FORTRAN function selects the maximum similarity
value from the 64x64 matrix of PEs, thus
completing the comparison of a document with all
clusters.

then arises as to how the

should be implemented on the
DAP; it seems that none of the three serial
algorithms can be 1implemented in a manner which
makes substantial use of the parallelism inherent
in the hardware. A characteristic of the DAP is
that processing must be carried out on the same
relative Llocation 1in each of the local storage
areas associated with each PE; such a common
storage area is referred to as a plane, and thus
when an instruction is broadcast from the MCU, all
processing must be aligned on the same plane. This
means that a system of asynchronous pointers to
the cluster terms (as in a parallel version of the
SA algorithm) cannot be wused. The SB algorithm

The question

matching operations

involves an inherently serial inspection of each
cluster representative in turn (for matching
against the document bit string) and thus has no

scope for implementing the matching operations in
parallel. Finally, the SC algorithm also cannot be
used owing to the Zipfian distribution of the
numbers of postings in the lists which make up the
inverted file; while many of the Lists contain
only one or two elements, some contain a very
large number of postings, and these cannot be
easily mapped onto the fixed, and limited, storage
area associated with each PE.



The parallel algorithm which was used can
best be regarded as a modification of algorithm SA
in which the asynchronous movement of the document
and cluster pointers is replaced by a broadcasting
operation in which each term 1in the current
document is matched against each of the storage
locations containing terms in the longest cluster
representative; by doing this, we ensure that the

document terms are also matched against each of
the terms 1in the representatives of shorter
clusters (which are filled with dummy values so

that all representatives are of the same, maximum
length). The algorithm is thus as follows, where
QMAX is the number of terms in the longest cluster
representative:

DO FOR 1 to N
I:=1
DO WHILE I <= P
J =1
DO WHILE J <= QMAX in parallel
IF DocumentTerm(I) = ClusterTerm({J)
in any PE
THEN add the term weight to the
similarity value for that cluster
J 1= J#H
I :=1I#1
Calculate all similarity coefficients
in paratlel.

In the worst case, PxQMAX comparisons are required
(although this value can be reduced somewhat by
determining when a match with a document term is
no longer possible and then broadcasting the next

term). Accordingly, the matching operations
required here are inherently more time-consuming
than in the SA algorithm; however, the DAP

architecture ensures that these PxQGMAX comparisons

result in the calculation of the similarity
coefficient between a document and all of the
clusters, and not just one as with the serial
algorithms.

Although the number of documents which can be
clustered by this method is not limited, the 4096
PEs in the DAP imposes a hardware Limitation on
the number of clusters which can be created. In
practice, a set of <= 4096 clusters was ensured by
adjusting the similarity threshold, SMAX, in the
single-pass method so that no overflow occurred.
Since the number of clusters is not an inherent
characteristic of a dataset, and since it is not
at present possible to identify optimum values for
any given dataset (Everitt, 1979), such an
empirical solution related to the DAP's structure
was considered acceptable.
is

The local storage available in each PE

used to hold a cluster (i.e., the terms and term
weights comprising the cluster representative,
together with associated characteristics such as

the length of the representative and the number of
documents in the cluster) as well as the results
of similarity calculations and the documents
themselves. It is necessary to set an upper Limit
‘'on the number of documents which can join a
cluster, particularly in the single-pass method,
where the clusters which are formed first can
become very large; the upper Limit was set to 20
documents for the Cranfield and UKCIS datasets and
to 10 documents for the Vaswani dataset. These
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restrictions were most significant in the largest
(UKCIS) data set, but after reallocation
processing less than 2% of the clusters were

affected. These empirical decisions, though linked
in this case to features of the DAP, are in fact
characteristic of partition clustering methods,
where a range of input parameters (threshold,
number clusters, degree of overlap etc.)
normatly need to be supplied. (Salton, 1971;
Fritsche, 1974).

of

4.3 Storage and updating of cluster

representatives

The parallel algorithm was used for both the
single-pass and reallocation methods. The cluster
representative used in our experiments was an
ordered list of all the index terms appearing in
the documents within a cluster, and an associated
weight for each term corresponding to the number

of times that- the term occurred in the cluster;
since the document dindexing merely denoted the
presence or absence of a term in a document, the

weights represented the number of documents within
a cluster containing the given term.

The process of updating the cluster 1in the
single-pass method s essentially serial in
nature, even on the DAP, The document which is to
be clustered dis compared with the representative
of the cluster to which it is to be assigned, and
the weights incremented for those terms in the
representative which are also included within the
document. In the reallocation method, where
cluster updating is done at the end of each pass
of the file, there is a potential for the parallel
updating of all of the cluster representatives to
which documents are to be assigned. However, the
inability of the DAP to simultaneously access
different planes makes this impossible to achieve
in practice, and thus each document had to be
processed in turn.

5. RESULTS AND DISCUSSION

5.1 Single-pass method

The rates (in documents/second CPU
single-pass method are given in
SA algorithm proved much less
SB and SC in trials on the
Cranfield collection, and was

used with the UKCIS and Vaswani

clustering
time) for the
Table 2. The
efficient than
relatively small
therefore not
files.

Table 2: Single Rates (in

Pass Cluster

Documents/Second)

UKCIS

|
I
|
Cranfield |
|
Vaswani |

As expected, the dnverted file SC
performed better than the other serial algorithms
in all of the datasets. The relatively poor
performance of the parallel algorithm is due to

algorithm



the need to broadcast PxQMAX index terms for each
decument, and to the serial component of the
algorithm in the form of cluster representative
update; this relatively simple part of the

igure 1

il
(2

processing was found to require about 20% of the
observed DAP times. Also, the single-pass method
is not uniformly parallel, since the number of
active PEs, which corresponds to the number of
clusters formed, increases as the run progresses;
thus, the parallel nature of the DAP only begins
to play a significant role in dincreasing the
efficiency of processing once much of the file has
already been clustered. This is seen most clearly
with the Cranfield dataset, where only 1400
documents, and correspondingly fewer clusters, are
used thus causing most of the PEs to remain idle 20 4 ARALLEL
throughout the processing.

SINGLZ PRSS CLUSTERING: CRANFIZLD
30 4

25

SECS.

The parallel algorithm performs better than 15 -
the SB algorithm on the UKCIS file. This can be
explained by the nature of the file, which
contains relatively short document descriptions. 0 4
Since the parallel version requires PxQMAX
comparisons and since short document descriptions
result 1in short cluster term Lists, PxGQMAX is not
substantially larger than the QMAX or Lless term
comparisons required for each document-cluster
match in the serial procedure. Therefore, short o e e
document descriptions are processed more '5";"4 T 5 7 8 8 b
efficiently than long ones; this advantage is lost FILE SEGMENT (1 SEGMENT = 100 RECORDS)

with the Vaswani file, which has Llong document
descriptions, where the SB and parallel algorithms
perform comparably.

A feature of both the SA and SB algorithms is
their dependence on M, the number of clusters
formed, while the parallel algorithm is
independent of it (for M <= 4096). It would hence
be expected that the parallel performance would
improve relative to the others as the pass through

Figure 2

the file progresses, and M increases; this
behaviour is illustrated in Figures 1-3, which
show the time taken to process the file at various
points. On the Cranfield file, where the parallel
algorithm performs poorly for the reasons given 450 -
above, the timing values are erratic: this is due
to the combined effect of the increased length of
the Llongest cluster and of the average length of
the documents in any file segment. The effect of
document Llength is also shown clearly in Figures 2
and 3; the UKCIS and Vaswani files were processed
in order of increasing document Length, and
discontinuities in the timing curve occur whenever SEts
there 1is a large increase in the maximum cluster 250 1
length. This is particularly marked in the final
segment of the Vaswani file. muT
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400 4
350 4

3001 *SEAIAL B

PARALLEL

SERIAL C. -
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Figure 3

SINGLE PASS CLUSTERING: VASWANI
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5.2 Reallocation method

The times taken to cluster the same files using
the reallocation method are shown in Table 3. The
SA algorithm was again elminated as being too
slow; SB, though slower than SC, was retained to
show the effect of calculating all the similarity
coefficients.

Table 3: Reallocation Cluster Times (in Seconds)

’ | serial B | Serial € } Parallet i
| |

| cranfield | 121.1 | 22.5 | 1219.8 |

| ukcis | 22352.5 | 1033.4 | 4516.6 |

| Vaswani | 12230.7 | 988.3 | 7019.6 |

The times shown are for four iterations. On the
I1BM, the time taken for one SC iteration was up to
647% longer than required in the single-pass run,
since the number of clusters was fixed rather than
increasing during the run. On the DAP, the time
per iteration was also up to 52% longer since the
number of comparisons required is dependent on the
Length of the tongest cluster, which is stable in
a reallocation iteration but gradually increasing
in a single pass run. This increase 1in cluster
length more than offsets the decrease in serial
processing required during cluster representative
updating.
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_.relatively.

In general, the patterns noted for the
single-pass method are repeated here. The inverted
file (SC) algorithm is best for all files.
However, the dependence of the SB algorithm on the

number of clusters, M, which 1is fixed at the
beginning of the reallocation processing, has
caused its performance to deteriorate. The
parallel algorithm is now clearly superior to $B

on both the UKCIS and Vaswani files.
6. CONCLUSIONS

The results obtained here  demonstrate an
application area where the use of paratlel
processing techniques does not give increases in
efficiency over the use of a conventional
processor using a fast serial algorithm. One
obvious reason for this behaviour 4is that good
serial algorithms have been developed over a long
period, while parallel algorithms are stiltl
scarce.  However, a. more. important.
factor is that the choice of a good parallel
algorithm may be so restricted, as it is here, by
the parallel hardware, that no alternative
algorithm seems to be available. In the DAP the
Limitations are rigorous and include a relatively
slow individual processor speed, and an inability
to address different planes 1in different PEs
(which means that it is not possible to implement

a parallel version of the SA algorithm). To
compete effectively with the inverted file
algorithm for document clustering using the

partition methods discussed here, a faster, more
flexible type of processor is required.

The best parallel performance found here was
on a file of short document descriptions, where
the number of term matching operations required is
not large. When the exhaustivity of the document
indexing dis high, the complexity of the parallel
algorithm means that serial algorithms are much to
be preferred, especially the dinverted file
algorithm which makes use of the fact that a very
sparse data matrix needs to be processed and that
many of the similarities which need to be
evaluated are zero valued. This is characteristic
of bibliographic data, where each document is
indexed by some smatl number of terms selected
from a Large indexing vocabulary. With fixed
format data, each record will have all of the
available fields, and there will be no advantage
to be gained from the use of an inverted file
algorithm. Some preliminary clustering experiments
suggest that such data are much better suited to
the DAP architecture than the variable Length
records wused here, and further work is being done
in this area. A study on the DAP, implementing the
Jarvis-Patrick clustering method (Jarvis and
Patrick, 1973) for a dataset of chemical
structures, has been completed and will be
reported in detail elsewhere. In brief, the
chemical structures are represented as fixed
format bit strings (denoting the presence or
absence of predefined chemical substructures). The
use of this representation with a parallel version
of algorithm SB allows DAP nearest neighbour
searching to be accomplished about two to three
times as fast as nearest neighbour searching on
the IBM. (The precise degree of speed-up depends
on the number of nearest neighbours and the size



of the dataset.) Current work involves the use of
the DAP for hierarchic clustering of Llarge files

of fixed format demographic data using Ward's
method.
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