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[Hindle et al. @ ICSE’12]: 
source code 

is more regular and predictable than 
natural language
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High variability in results

Few configurations 
produce good results

LDA-GA
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LDA‐GA: automatically calibrate the input 
parameters of LDA using genetic algorithms
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LDA parameters

# of iterations 
# of topics 
α
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LDA
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Results

Dataset 
dependent

Oracle, Task 
independent
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Topic by Documents LDA Model

Cohesion (similarity): how 
related the documents in the 

same clusters are

Separation (dissimilarity):
how distinct a cluster is from 
other clusters



Topic by Documents LDA Model

Silhouette coefficient





Documents are rearranged 
more closely in the n-

dimensional space

Cohesive
Separated



We propose a genetic algorithm to 
find those solutions
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“ad-hoc” 
configuration 

[ICPC’10]

LDA-GA

Exhaustive
(best of 1,000 configurations)



LDA‐GA in TraceLab
R Implementation 

of LDA-GA



LDA‐GA in TraceLab
Genetic algorithm settings

LDA-GA settings
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( )

Other IR 
techniques: 
(LSI, RTM)

Other parameters:
(preprocessing)



Thank you! Questions?

http://www.cs.wm.edu/semeru/data/tefse13/
http://www.distat.unimol.it/reports/LDA‐GA/


