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Summary

• Word Mover's Distance (WMD) [1] uses the Wasserstein 
distance to measure semantic textual similarity.

• WMD cannot deal with the order of words within a sentence.
• We propose the Word and sentence Structure Mover's 

Distance (WSMD) that can address this limitation.
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WMD vs. WSMD
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Approach

• Use the Self-Attention Matrix (SAM) from BERT-based models 
as structure information.

• Combine WMD and SAM using the Fused Gromov-Wasserstein 
distance [2].
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Self-Attention Matrix

• Both pairs, (obama, speaks) and (press, greets), 
show a high attention weight.
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Proposed Method

• Let 𝐴 and 𝐴′ be the SAMs for sentences 𝑠 and 𝑠′. 
• Define the Word and sentence Structure Mover's Distance 

(WSMD) as follows:

WSMD 𝑠, 𝐴 , 𝑠′, 𝐴′

= min
𝑷∈𝚷 u,u′

෍

𝑖,𝑗,𝑖′,𝑗′

1 − 𝜆 𝐶𝑖𝑗 + 𝜆𝑘 𝐴𝑖𝑖′ − 𝐴′𝑗𝑗′
2
𝑃𝑖𝑗𝑃𝑖′𝑗′

Wasserstein Gromov-Wasserstein

Fused Gromov-Wasserstein

Normalization parameter
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Results

• We used the PAWS [3] dataset for paraphrase identification．
• WSMD was effective for WMD-like methods such as WMD, 

WRD, and SynWMD．

The values above the diagonal 
line show the performance 
improvement by WSMD.
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