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Single, topic-adapted model

*existing devices tend to use word prediction more

How can we improve
for fringe words, which tend to be topical words

keystroke savings?
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Advantages compared to basic ngrams

* higher keystroke savings (even when
tested on other corpora)

* predictions are appropriate for the
overall topic (e.g., cooking)

Disadvantages compared to basic ngrams

* need training corpus with topic labels
(limited to training on Switchboard)

Future work

*can use this method to integrate user text into the language model
edifficult to perform controlled evaluations
euse the same methodology with a different similarity score
*e.g., syntactic similarity
*improving the similarity score to provide guarantees that there will be no
loss in keystroke savings by adding more training texts

Weighted average of each model

Single, topic-adapted model

e compare each topic to current conversation
*weight based on similarity of keyword usage
*take a weighted average of all the topic models
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