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Conclusions
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Learns in a generative setting
Handles missing/incomplete data

Empirical results:
Accuracy competitive with other state of the art  
Run time efficiency sufficient for real world tasks

Publicly available implementation: Download and try it 
out!! 

http://dtai.cs.kuleuven.be/problog/
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http://dtai.cs.kuleuven.be/problog/

Thank you
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