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Abstract We studied the variety and affinity between the successive words in the text document.
A number of groups were defined by the frequency of a following word in the whole text (corpus).
In the previous studies, the Zipf's power law was explained by Chinese restaurant process and hub
node was searched after by examining the edge number profile in scale free network. We have
observed both a power law and a hub profile at the same time by studying the conditional frequency
and degeneracy of a group. A symmetry between the affinity and the variety between words were
found during the data analysis. And this phenomenon can be explained within a viewpoint of
“exploitation and exploration.” We also remark on a small symmetry breaking phenomenon in
TIPSTER data.
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