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Configurable software and variability 
are ubiquitous



Configure software to tailor 
functional behavior
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Configure software to meet a certain 
performance goal 
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Measure the performance of 
all configurations?
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• An exponential number of configurations
– N features  about 2N configurations

• The cost of measurement may be high



Feature-wise measurement?

P(quiet) 
= 551 – 324
= 227 seconds 
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Is it feasible to use 
a small random sample of measured configurations 

as a basis to accurately predict 
the performance of other configurations, 

especially when features interact?
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Boolean variables Numeric variablefeature1: “quiet”
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Boolean variables Numeric variable
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A non-linear regression problem

15

Boolean variables Numeric variable

A 
sm

al
l r

an
do

m
 s

am
pl

e

c      1    1    0    1    1    0    0    0    0    1     0     0     1     0     1     0       ?

Predictors Response
feature1: “quiet”



Classification And Regression Trees 
(CART)
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[Breiman et al, 1984]

Sample mean

Squared error 
loss

Sum of squared 
error loss

is minimal

Best split
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( x14 = 1, x7 = 0 )
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( x14 = 1, x7 = 0 )

Predicted value
for any configuration 

selecting feature_14 and
deselecting feature_7



Evaluation on six real-world
configurable software systems
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Accuracy and Speed

• Average 94% accuracy based on small 
random samples
– sample size is linear in the number of features

• Fully-automated and fast
– at most 90 milliseconds in all evaluated case 

studies
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See paper for more details



Why CART works?
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Whole population
1152 configurations

Random sample 1
81 configurations
Accuracy: 93.6%

Random sample 2
16 configurations
Accuracy: 84.9%



Comparison to existing methods
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SPL Conqueror
[Siegmund et al, ICSE’12] Our approach

Accuracy Average 95% Average 94%

Sample 
dependency Specific samples Random samples

Supporting 
feature types Boolean Boolean and numeric

Running 
mechanism Non-progressive Progressive



Threats to validity

• Generality to other systems

• Empirical parameter tuning for stopping 
recursive partitioning

• Quantitative study on the similarity between a 
sample and the whole population
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Future work

• More software systems

• Systematic parameter tuning

• Similarity metrics between a sample and the 
whole population
– Combining feature selections and performance values

• Other regression techniques
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Conclusion
A variability-aware approach to performance 
prediction via a well-established statistical 
learning technique
• works automatically and progressively with 

random samples
• considers all features and identifies the 

performance-relevant ones
• treats selected and deselected features equally
• can be easily understood, implemented and 

deployed, without feature interaction detection
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Thank you!

http://gsd.uwaterloo.ca/cpm
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