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Abstract

communities. Neumann kernels can identify not only papers related a given paper but also the most important papers in a

In this paper, we discuss issues raised by applying Neumann kernels to large citation graphs that have multiple

graph. However, when Neumann kernels are biased towards importance, top-ranked papers are the important papers in the
dominant community of the graph irrespective of the communities where the target paper is cited. To solve this problem, we
model the generation process of citations by pLSI (probabilistic Latent Semantic Indexing), and construct a weighted graph
(hidden topic graph) for each community (topic). Applying Neumann kernels to hidden topic graphs, we can rank papers on
the basis of the communities in which they appear.

Key words HITS, Graph kernels, pLSI, Link Analysis
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0000 DM (Dirichlet Mixture) [17] 000000000000
ooo0ooo0oooooOoOoooooo,0oooooooo
000o0oO0o0oooooooooooD.oo, 00000000
000000 0o0ooooooooooooooooooooo
00d.

7. 0 0O O

Hofmann O pLSI (probabilistic Latent Semantic Indexing) 0 O
oooOo0,000000@O00)00ooooooooo
0 @oO0ooooooo)ooooo.ooooooooooo
oooooooooOoOOOODOOODODOOO,00000
O00000o0o0O00oOOoO0o0o0oooOooooooOooooo
ooo00.0000000000000000DOoODOOOO
oooooo.
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