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Background & Motivation

➢ Bayesian probabilistic topic models (BPTMs)

➢ Embedded topic models (ETMs)

★ Usually under a bayesian generative model framework and based on GIbbs sampling or 

variational inference

❏ Inflexible to additional inputs and downstream tasks

❏ Unfriendly to large-scale text collections

❏ inconvenient to integrate BPTMs with deep neural networks (DNNs)

★ Usually under the variational autoencoders (VAEs) framework and achieve appealing 

flexibility and scalability

❏ Compromised reparameterization trick in VAEs

❏ Fail to achieve coherent topics and good document representation at the same 

time, empirically.



Method

➢ From Word Embeddings to Topic Embeddings (WeTe, this paper)

Motivation of WeTe

★ View document as a the set of word embeddings P, and a 

set of topic embeddings Q

★ learn topic embeddings by minimizing the bidirectional 

conditional transport cost (CT) between P and Q over all 

documents

● cost function

The closer the hidden space, the lower the transport cost, e.g.,
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The more relevant the semantics, the higher the transfer probability



Experiments

➢ Topic quality



Experiments

➢ document clustering



Experiments

➢ Qualitative analysis
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the code is available at https://github.com/BoChenGroup/WeTe 


