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Contributions
Our research introduce linear optimal topic transport for measuring 
document similarities:
• Efficiency: improves computation while maintains accuracy 
• Scalability: supports for large-scale applications
• Adaptability: enables topic weighting for personalized retrieval

Word Mover’s Distance
Consider discrete OT,  1-Wasserstein distance between 𝑝 and 𝑞 is:
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Where 𝐶 is the cost matrix with entries 𝐶𝑖𝑗  the distance between points 𝑥𝑖  

from distribution 𝑝 and 𝑦𝑗  from distribution 𝑞.  Γ is the transport plan 

specifies how much mass is moved from each 𝑥𝑖  to 𝑦𝑗   to minimize the 

overall transport cost between 𝑝 and 𝑞.
Let 𝑑1 and 𝑑2 represent normalized word counts across vocabulary, Word 
Mover’s Distance is defined as 𝑊𝑀𝐷 𝑑1, 𝑑2 = 𝑊1(𝑑1, 𝑑2).

Hierarchical Optimal Topic Transport 
If we represent document 𝑑1, 𝑑2 as distributions over topics, then 
hierarchical optimal topic transport (HOTT) is defined as 
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where 𝛿𝑡𝑘
​​ denotes a Dirac delta centered at topic 𝑡𝑘 ​, weighted by 𝑑𝑘 ​, the 

proportions of topic 𝑡𝑘 contribute to the document.

Linear Optimal Transport
Let 𝜎 be a fixed reference measure on ℝn. The linear optimal transport 
embedding (LOT) is defined as a mapping 𝐹𝜎 ∶ 𝑃2 ℝn ↦ 𝐿2(ℝn, 𝜎) where 𝑃2 is 
probability space with second finite moment.

It takes a probability measure 𝜇 ∈ 𝑃2 ℝn  to the optimal transport map 𝑇𝜎
𝜇

 

that pushes 𝜎 to 𝜇, namely 𝐹𝜎 𝜇 = 𝑇𝜎
𝜇

.
We approximate 𝐻𝑂𝑇𝑇 in 𝐿2-space and define linear optimal topic transport 
distance (LOTT) between document 𝑑1, and 𝑑2 as 

𝐿𝑂𝑇𝑇 𝑑1, 𝑑2 = 𝐹𝜎 𝑑1 − 𝐹𝜎 𝑑2
𝜎  

where 𝜎 ​​ is gaussian and the embedding is in 𝐿2-space.
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