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The Estimation of Argument Structure using Deep Learning
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In this article, we present a novel approach for parsing argumentation structures. We classify argument compo-
nents using Long-Short Term Memory(LSTM). Then, we use the result of component classification as the feature
of the next task, identifying argumentative relations. Finally, the proposed model globally optimizes argumentative
relations using integer linear programming whose objective function is the probability estimated in relation identi-
fication. Comparative studies show that each of the proposal are effective and our model significantly outperforms

the most advanced model.
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*1  https://www.ukp.tu-darmstadt.de/data/argumentation-
mining/argument-annotated-essays/
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BESEFE | H AN ot | F-Claim | F-Premise EROEFIE AN X5t | F-Claim | F-Premise
Stab2017 - - - 0.627 0.832
50 0.623 0.836 50 0.622 0.838
S 100 | 0.623 0.838 S 100 | 0.631 0.849
200 | 0.622 0.833 200 | 0.648 0.855
50 0.663 0.853 50 0.608 0.832
Pfl 100 | 0.671 0.858 Pfl 100 | 0.642 0.849
200 | 0.679 0.860 200 | 0.698 0.875
50 0.610 0.823 50 0.618 0.823
Pf2 100 | 0.611 0.824 Pf2 100 | 0.601 0.831
200 | 0.605 0.825 200 | 0.601 0.834
50 0.617 0.824 50 0.614 0.831
REFIL H®* | PfAll | 100 | 0.616 0.826 REFIE H'st | PfAIl | 100 | 0.617 0.836
200 | 0.613 0.817 200 | 0.606 0.833
50 0.613 0.835 50 0.615 0.834
Pbl 100 | 0.612 0.836 Pbl 100 | 0.612 0.836
200 | 0.599 0.831 200 | 0.598 0.834
50 0.609 0.830 50 0.613 0.835
Ph2 100 | 0.606 0.829 Pb2 100 | 0.601 0.832
200 | 0.606 0.827 200 | 0.596 0.833
50 0.623 0.833 50 0.613 0.835
PbAIl | 100 | 0.615 0.825 PbAIl | 100 | 0.612 0.836
200 | 0.608 0.828 200 | 0.599 0.831

# 2: BALRSSE O FPAMG I B T

BfR ¥ T | LSTM | F-Relation | F-noRellation
Stab2017 - 0.428 0.731
RETFIE Eiis 0.460 0.794

2= 0.507 0.828

#* 3: RETEOFAMFEERGS R

Mg e 9% | LSTM | F-Relation | F-noRelation | F-All
Stab2017 H 0.506 0.890 0.698
i 0.466 0.881 0.674
REFIL H 0.527 0.894 0.718
I 0.451 0.879 0.665
Ehbrotz. o T, RETFIETIE, Stab2017 £ b Bl

MG x mEICHETE S Z Mo Ro T
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