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Text Matching Fusion Model Combining Multi-granularity Information
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Abstract Conventional text matching methods are basically divided into representational text matching models and interaction-
based text matching models. Since the representation-based text matching model is easy to lose semantic focus and the interaction-
based text matching model ignores global information.a text matching fusion model combining multi-granularity information is
proposed in this paper. This model fuses two text matching models through interactive attention and expressing attention, and
then uses convolutional neural networks to extract multiple different levels of granularity information presented in the text. Then
the local important information and global semantic information can be captured. The experimental results on three different text
matching tasks show that the proposed model outperform other optimal models by 5. 3% ,0.4%,1.5% on the NDCG@5 evalua-
tion index respectively. By extracting multiple granularity information of the text and combining interactive attention and ex-
pressed attention,the proposed model can effectively pay attention to the text information of different levels,and solve the prob-
lem of losing semantics and ignoring global information during the text matching process in the traditional models.
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Table 1 Results of testing on WikiQA dataset
Model NDCG@3 NDCG@5 MAP
ARC-1 0.5785 0.6276 0.5909
ARC-TI 0.6112 0.6674 0.6197

MatchPyramid 0.5725 0.6268 0.5914
DRMM 0.6404 0.6808 0.6384

Mv_LSTM 0.6708 0.7183 0.6753
DUET 0.5491 0.6203 0.5791
DRMMTKS 0.6545 0.7072 0.6639

CONV-KNRM 0.6200 0.6851 0.6360

FMMI 0.7252 0.7718 0.7308
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Fig. 3 Model training process on WikiQA dataset
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Table 2 Results of testing on SNLI dataset

Model NDCG@3 NDCG@5 MAP
ARC-1 0.8492 0.8496 0.8205
ARC-1I 0.8876 0.8879 0.8726
MatchPyramid 0.8972 0.8973 0.8854
DRMM 0.8983 0.8985 0.8870
Mv_LSTM 0.8562 0.8565 0.8300
DUET 0.8853 0.8854 0.8690
DRMMTKS 0.8948 0.8950 0.8822
CONV-KNRM 0.9023 0.9026 0.8925
FMMI 0.9064 0.9066 0.8979
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Fig. 4 Model training process on SNLI dataset
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Table 3 Results of testing on SemEval2016-Task 3 dataset

Model NDCG@3 NDCG@5 MAP
ARC-1 0.1668 0.1732 0.1833
ARC-1I 0.1843 0.2003 0.1876
MatchPyramid 0.1495 0.1584 0.1700
DRMM 0.1196 0.1245 0.1490
Mv_LSTM 0.1810 0.1808 0.2004
DUET 0.1811 0.1746 0.1725
DRMMTKS 0.1843 0.2003 0.1876
CONV-KNRM 0.1814 0.1819 0.1765
FMMI 0.2007 0.2158 0.2135
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Fig.5 Model training process on SemEval2016-Task 3 dataset
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Table 4 FMMI ablation experiment

Model NDCG@3 NDCG@5 MAP
FMMI-TA 0.6059 0.6711 0.6262
FMMI-LSTM 0.6625 0.7095 0.6657
FMMI-RA 0.6968 0.7524 0.7076
FMMI-Granet 0.7192 0.7561 0.7173
FMMI 0.7252 0.7718 0.7308
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