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Aim Results
A study on keyword extraction in German, comparing the performance of Latent Dirichlet Allocation pjodel a1l a2 a3 a4 ab  Precision Recall F1
(LDA) and Latent Semantic Analysis (LSA) as part of the Topic Context Model (TCM). Bosclines
. . o . , .
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context-based feature of words. Surprisal is a contextualised information measure based on con- Topic Context Models with LDA and LSA
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Latent Dirichlet Allocation

LDA is a statistical topic model that tries through a generative process to detect and identify the

topics that appear in a document and which words belong to them.
|

surprisal(wg) = surprisal(wg) =

Table: Precision, recall, Fl-measure, and the accuracy-values (al — a5) of the
employed methods. The best results in the respective blocks are underlined
and the overall best are bold faced. For the RNN models, the subscript first

refer to the input and second the model used. 1" means that the RNN was

/\

trained on text, and LDA / LS A refers to what surprisal was part of the
input. The numbers refer to the size of the GRU and the number of GRUs.
For LDA /| LSA /| TextRank the number referes either to the highest

— > logy P(walt;)

ranked words used, or the percentage of words used.
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In direct comparison, LSA slightly outperforms LDA in precision,
recall and F'1-values. In contrast, when surprisal is used as part of
the input in a RNN, there is no clear winner. The RNNs trained
on surprisal alone outperform the baseline models in several cases
and four out of five LDA outperforms LSA. Because of the LSA’s
oreater computational economy and ‘niceness’ compared to LDA,
our conclusion is that LSA is a suitable building block of TCM in
the service of NLP’s keyword extraction application.
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Figure: Schematic of the RNN architectures with text and surprisal as input.



