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Relation recognition between sentences is important for many applications such as dialog systems or text sum-
marization. We present a method for relation recognition using concept vectors of words, segments, predicate

argument structures and sentences.
of Neural Networks.
bag-of-words or centroids of concept vector.
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Concept vectors are created by a Recursive AutoEncoder which is a kind
Experimental results show the proposed method outperformed previous methods that uses
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F 2: FFEN D Implicit HaieBEERHEE ERAE R

FES Hoig JE B
FEEE | BB | FME | R | HEE | FME | BE | 55HE | F@E
Fi£ A (bag-of-words) 0.38 0.64 | 0.47 | 0.40 0.29 | 0.33 | 0.45 0.22 | 0.29
FiEB (HEEXR T MVED) 0.45 0.32 | 0.37 | 043 0.43 | 0.43 | 0.47 0.40 | 0.43
FiE C (RAE X7 b)) 0.42 0.40 | 0.41 | 0.50 0.26 | 0.34 | 0.39 0.60 | 0.47
FED (RAE + Z/5R7 ML) 0.42 0.36 | 0.39 | 0.46 0.26 | 0.33 | 0.39 0.61 | 0.48
F¥£ E (RAE + Dynamic pooling) 0.41 0.41 | 0.41 | 0.46 0.29 | 0.36 | 0.39 0.53 | 0.45
F¥£ F (RAE + Dynamic pooling + 2432 b)) | 0.45 0.41 | 0.43 | 0.48 0.30 | 0.37 | 0.41 0.60 | 0.49
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