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> Bayesian probabilistic topic models (BPTMs)

% Usually under a bayesian generative model framework and based on Glbbs sampling or
variational inference
[ Inflexible to additional inputs and downstream tasks
[  Unfriendly to large-scale text collections

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

> Embedded topic models (ETMs)

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

flexibility and scalability

4 Compromised reparameterization trick in VAEs
d  Fail to achieve coherent topics and good document representation at the same

time, empirically.
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>

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

% View document as a the set of word embeddings P, and a ;
set of topic embeddings Q 4 g
% learn topic embeddings by minimizing the bidirectional Motivation of WeTe

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

documents
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The more relevant the semantics, the higher the transfer probability
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> Topic quality

Experiments
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> document clustering

Table 1: Comparison of K-Means clustering purity (km-Purity) and NMI (km-NMI) for various methods. We
use the 6 super-categories as 20NG’s ground truth and denote it as 20NG(6). The best and second best scores of
each dataset are highlighted in boldface and with an underline, respectively.

Method km-Purity(%) km-NMI(%)
WS RCV2 DP 20NG(6) WS RCV2 DP 20NG(6)
LDA-Gibbs | 46.4+0.6 52.4+04 60.8+0.5 59.2+0.6 | 25.1£04 38.2+0.5 54.7+03 324104
PFA 55.7+0.4 - 64.6 £0.7 61.2+£0.6 | 31.1+0.3 - 554£0.5 327 +£1.1
PTM 33.2£1.1 - 56.3 +1.7 - 7.9+1.4 - 452 +£1.5 -
WEI-FTM | 54.6£1.5 - 65.3 +2.4 - 32.4+1.5 - 59.7£1.6 -

DVAE 26.6£1.5 52.6£1.2 672+1.1 64.6=+1.0 | 3.7+0.8 31.3+£09 50.8+0.6 29.8+0.6
ETM 329+£23 502+0.6 63.1 £1.5 62.6+2.2 | 123+23 303+1.0 53.2+0.7 29.3+1.5
NSTM 42.1+£0.6 53.8+1.0 20.2+0.7 62.6+1.2 | 174 +0.6 36.8+0.3 6.63+0.11 31.1 £1.2

WeTe 59.0£0.1 59.2+0.2 75.8+0.8 67.3+£0.6 | 34.5+0.1 40.3+04 62.5+0.8 35.0+0.4
WeTe(N) 59.7+0.1 58.5+0.3 74.1+33 70.2+10 | 34.1£0.1 41.2+0.1 60.1£1.1 343 +0.8
WeTe(F) 60.8+0.2 62.9+0.5 77.1+1.0 68.5+02 | 349+04 428+03 63.7:04 36.3 0.2
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> Qualitative analysis
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the code is available at https://github.com/BoChenGroup/WeTe



