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Dataset Training Model P R F1 (%) Model P R F1 (%)
ACE 2005 [1] Adam Optimizer SPTree 701 612 0653 CNN /15 539 0613
7 entity types L2 Regularization Baseline 725 533 614" Walks /=4 658 584 619
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One pair/sentence 4 4 Table 1: Performance on ACE 2005 test set. e Longer walks improve recall Funding 23BBSRC @EDO
Dependency parser v X * significance at p < 0.05 vs. SPTree,

Data split train/test  5-fold o significance at p < 0.05 vs. Baseline. e [oo long walks degrade performance
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