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Abstract

With the electrifying of the Internet, all types of electronic information have been
rapidly growing and increasing. Although massive amount of research has been dedicated
to information searching, it seems that we are faced with the awkward situation of barely
permissible results and deadlocked progress, and we are hoping to advance search utilities
with higher accuracy, better practicality, and greater convenience.

In multitudinous research topics, clustering is often used to classify large-scale
information, and has had exceptional results, but clustering is rarely used in search engines;
therefore, this paper will discuss utilizing cluster in search technology. We apply the
Association Rule to pull closer the relation between common attributes, and then use a
Graph Model structure to elaborate on the association and strength of each attribute, and
lastly we adopt graph segmentation to achieve classification. The category attributes and
test results displayed by this approach are different from those achieved via normd
distance detection, and the obtained results have advantages such as higher precision, easier

understandability, and faster execution.
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Recursive Partitioning...

Bizecting a hgraph of szize [vertices=8772, hedgez=8651, balance=B_581]
The mincut for this hisection = 12, {average = 14.7>» {(halance = HB.22>

Biszecting a hgraph of size [vertices=1938, hedgez=1879. balance=0.331]
The mincut for this bisection = B, (average = B.8> (bhalance = @.44)

Bisecting a hgraph of size [vertices=843, hedges=80%,. balance=8.581]
The mincut for this bisection = B, {(average = B.8> (balance = B.42>

Bisecting a hgraph of size [vertices=6842, hedgez=676H,. bhalance=A.331
The mincut for this bhisection = 2, {average = 2.4» (halance = @.04>

Bisecting a hgraph of size [vertices=6564, hedgez=6473. balance=0.581]
The mincut for this bisection = 41. {average = 58.1> (halance = B.21>

Summary for the 6—way partition:
Hyperedge Cut: -1 (minimize?
Sum of External Degrees: 116 (minimize>
Scaled Cost: 1.8Ae—B8086 (minimi=e?
Absorption: 8623.33 (maximize?

Partition Sizes & External Degrees:
18871 61 328l 31 4871 31 13770 441
1870 541

Timing Information
Partitioning Time: 1.8%9B8=zec
10 Time: A.@l6zec
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