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Abstract  Topic model has been widely used to discover the latent topic of text. Most previous
methods exploited words or phrases for topic representation. However, this form of topic
representation has a poor interpretability, due to the lack of deep semantic information. This
paper proposes to exploit structured events for topic representation. On one hand, events have
more abundant semantic information than words or phrases; on the other hand., a set of events
are able to interpret and distinguish different topics intuitively, However, the structured events,
as basic units of document, add more difficulties to the topic sampling because of the sparseness.
To address the problem, we propose two topic models based on Biterm Topic Model. Event
semantic knowledge is incorporated into these models using two different ways. The first model
exploits the natural clustering performance of Generalized Polya Urn model to increase the probability
of assigning same topic to similar events. Differently, the second model introduces an indicator
variable for each biterm, and exploits event semantic information to solve the topic assignment of

the events in one biterm more reasonably. We not only directly evaluate the topic models based on
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two metrics, namely topic coherence and KL-divergence, but also conduct the external evaluation

by carrying out text classification task based on the results of topic representation. The experimental

results demonstrate our topic models effectively diminish the sparseness from two perspectives: event

co-occurrence and semantic relatedness. Compared to the topic representation based on words, the

semantic information of event effectively promotes the topic quality and improves the interpretability

and topic discrimination of topic representation.
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documents. Most of previous methods take words or phrases
as the basic units of topic representation. However, these
forms have a poor interpretability, due to the lack of deep

semantic information.
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In this paper, we regard the structured events as the
basic units. We think the events have more abundant semantic
information than words or phrases. However, event-based
topic models face the data sparseness. This paper proposed
two topic models based on Biterm Topic Model. The event
semantic knowledge is incorporated into the topic models.
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