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Abstract Given huge collections of time-evolving events such as web-click logs, which consist of multiple attributes (e.g.,
URL, userID, timestamp), how do we find patterns and trends? How do we go about capturing daily patterns and forecasting
future events? We introduce TriMine, which performs three-way mining for all three attributes, namely, URLs, users, and time.
Specifically TriMine discovers hidden topics, groups of URLSs, and groups of users, simultaneously. Thanks to its concise but

effective summarization, it makes it possible to accomplish the most challenging task, namely, to forecast future events.
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i. Draw a latent variable z; ; ~ Multinomial(O;).
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Algorithm 1 TriMine(X(?)

/* compute the triplet matrices at level h = 0 */

for each iteration do
for each non-zero element z in X () do
for each entry for = do
Draw hidden variable z by Equation (1)
end for
end for
end for
Compute O, A, C(®)
/* compute the multi-scale matrices */
for h = 1 to [logn] do
Compute C(") by Equation (2)
end for

return O, A, {C(® .. . CcM}
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Algorithm 2 EventGeneration (71, . . .

,u do

for eachentry j = 1,...,nz; do
Draw a hidden variable z; ; ~ Multinomial(O;)
Draw an actor e ~ Multinomial(Aziyj)
Draw a timestamp ¢ ~ Multinomial(czm )
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end for

end for

Return €
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