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Research on Math Word Problem Solving Model Based on
Enhanced Numerical Representation

HU Jingdan, LI Bo, YANG [Jing
(School of Computer Science, Central China Normal University, \Wuhan430079, Hubei, China)

[ Abstract] The automatic resolution of Math Word Problems (MWRP) issa current research hotspot in the academic
community. Despite the significant progress made in thegexisting reseéarch, most studies treat numerical values in
MWPs as placeholders and simply process them as ordinaryatext, overlooking the importance of numerical
semantics in solving MWPs. To address this issue, this study proposes an enhanced numerical representation model
for MWP solving based on the generic "encoder-decoder’yarchitecture. The model achieves this by utilizing Graph
Convolutional Neural Networks (GCNN) to explicitly model the semantic relationships between numerical values
and between numerical values and context teXt and intfoducing auxiliary learning tasks to guide the model to fully
capture task-related numerical semantics{¥This significantly enhances the numerical modeling capability of the
encoder. Empirical evidence from thefeommonly used MWP datasets, Math23K and MAWPS, shows that the
proposed model can fully consider numetical $emantics and outperform mainstream classical models in solving large-
scale Chinese application problem sets.
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