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Abstract—LDA, short for L atent Diri chlet Allocation, is a 
hierarchical Bayesian model for  content analysis. LDA has seen 
a wide variety of applications, but it also presents computational 
challenges because the iterative computation of approximate 
inference is required. Recently an approach based on Gibbs 
Sampling and MPI is proposed to address these challenges, 
while this repor t presents the work that  maps it to a massively 
parallel  supercomputer, Blue Gene. The work enhances the 
runtime performance by utili zing special hardware architecture 
of Blue Gene such as dual floating-point unit and by using 
general programming/compiling techniques such as loop 
unfolding. Results from the empirical  evaluation using a real-
wor ld large-scale data set indicate the following findings: First, 
the use of dual floating-point unit contr ibutes to a significant 
perf ormance gain, and thus it should be considered in the design 
of processors for computationally intensive machine learning 
applications. Second, although it i s a simple technique and most 
compilers support it , loop unfolding improves the performan ce 
gain even furth er. Since loop unfolding is general enough to be 
applied to other platforms, this report suggests that compilers 
should perform loop unfolding in a more intelligent manner. 

I. INTRODUCTION 

Latent Dirichlet Allocation, or LDA, is a state-
of-the-art machine learning algorithms for content 
analysis. LDA is a multi-level hierarchical Bayesian 
model proposed by Blei, Ng, and Jordan in [2], and 
it describes a model that generates a corpus of 
documents based on a bag of words and latent 
topics. It has attracted increasing attention and 
applied to various applications. Here are some 
examples: Shen et al. in [10] utili ze LDA to find 
friends in blog data; Bhattacharya and Getoor 
propose in [1] the use of LDA for entity resolution; 
Maskeri, Sarkar, and Heafield in [7] apply LDA to 
source code mining; Dredze et al. use in [3] the use 

of LDA to generate email keywords; Henderson 
and Eliassi-Rad in [5] apply LDA to graph mining. 

As social network analysis emerges as a rampant 
research topic, content analysis for social media 
becomes significant. LDA is widely used on social 
network analysis research but presents 
computational challenges. Mainly concerning a 
computationally efficient implementation of LDA, 
this report presents challenges and solutions of 
mapping LDA based on Gibbs Sampling and MPI 
(which is called PLDA, available on 
http://code.google.com/p/plda/, and presented by 
Wang et al. in [11]) to massively parallel 
supercomputers. Below are challenges: 

x Algorithm-level: What intermediate data could 
be distributed and what could not?  

x Source code-level: What types of modification 
should be done to what pieces of source code in 
order to guide compilers to utilize the special 
hardware architecture? 

x Instruction code-level: How processing units 
and, for example, pipelines, could be utilized? 

As shown later in this report, the runtime 
performance is enhanced because of the use of the 
special hardware architecture of Blue Gene, such as 
dual floating-point unit and also the use of general 
techniques such as loop unfolding. Contributions of 
this report are summarized below: 

x For the machine learning community, this report 
presents a solution to exploit the architecture of 
massively parallel supercomputer, the 
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