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A survey of Natural Language Generation Technigues with a Focus on Dialogue Systems - Past, Present and Future Directions

One of the

dest probiems in the ares of Natursl Langusge Processing and Artificial Intelligence is automatically generating language that is coherent a
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Capturing "attrition intensifying” structural traits from didactic interacticn sequences of MOOC learners

This work is an attempt to discover hidden structural configurations in learning activity sequences of students in Massive Open Online Courses (MOOCS). Leveraging
combined representations of video dlickstresm interactions and forum activities, we se=k to fundamentally understand traits that are predictive of decreasing
engagement over time. Grounded in the interdisciplinary field of network science, we follow a graph based approach to successfully extract indicators of active and,
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Interpretable, since it allows visualization of its predictions
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the model receives a document to summarize (the context),
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Few contextual citation graphs are publicly available. The ACL Anthology Network (AAN)
(Radev et al., 2009) is one such contextual citation graph built from the ACL Anthology
corpus (Bird et al., 2008), consisting of 24.6K papers manually augmented with citation
information. CiteSeer (Giles et al., 1998) provides a large corpus consisting of 1.0M
papers with full text and bibliography entries parsed from PDFs. Saier and Farber (2019)
introduces a contextual citation graph of approximately 1.0M arXiv papers with full text
LaTeX parses where citations are linked to papers in the Microsoft Academic Graph.
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