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Naive Parallel LDA

GAO Yang YAN Jianfeng LIU Xiao-sheng
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract The parallel latent Dirichlet allocation (LDA) costs a lot of time in computation and communication, which
brings about long time to train a LDA model and then it can’t be widely applied. This paper proposed naive parallel
LDA algorithm, presenting two methods to solve this problem. One is to add impact factor of each word and set threshold
to reduce the amount of corpus, the other is to reduce the communication frequency to decrease the communication

time. Experimental results show that the optimized distributed LDA can accelerate the total training time by 36% and
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improve the speedup ratio, while the loss of accuracy is below 1%.
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