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Motivation

Many benchmarks are similar

Running more benchmarks that are similar will not provide more 
information but necessitates more effort

One could construct a good benchmark suite by choosing 
representative programs from similar clusters

Advantages:

– Reduces experimentation effort



Benchmark Reduction

Measure properties of programs (say K properties)
– Microarchitecture independent properties

– Microarchitecture dependent properties

Display benchmarks in a K-dimensional space

Workload space consists of clusters of benchmarks

Choose one benchmark per cluster
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Example Workload/Benchmark space Distributions 



Benchmark Reduction

Measure properties of programs (say K properties)
– Microarchitecture independent properties
– Microarchitecture dependent properties

Derive principal components that capture most of 
the variability between the programs

Workload space consists of clusters of benchmarks 
in the principal component space

Choose one benchmark per cluster



Principal Components Analysis
– Remove correlation 

between program 
characteristics

– Principal Components (PC) 
are linear combination of 
original characteristics

– Var(PC1) > Var(PC2) > ...

– Reduce No. of variables

– PC2 is less important to 
explain variation. 

– Throw away PCs with  
negligible variance

Source:moss.csc.ncsu.edu/pact02/slides/eeckhout_135.ppt
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Clustering

Clustering algorithms

K-means clustering

Hierarchical clustering



K-means Clustering
1. Select K, e.g.: K=3

2. Randomly select K cluster

centers

3. Assign benchmarks

to cluster centers

4. Move cluster centers

5. Repeat steps 3 and 4 until

convergence
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Hierarchical Clustering
Iteratively join clusters

1. Initialize with 1 benchmark/cluster

2. Join two “closest” clusters

Closeness determined by linkage

strategy

3. Repeat step 2 until one cluster

remains

• Joining clusters
– Complete linkage

– Other linkage 
strategies exist with 
qualitatively the same 
results



Distance between clusters

• Euclidian Distance

- the way the crow flies; sq root of (a^2 +b^2); 

• Manhattan Distance
– The way cars go in manhattan; a+b

• Centroid of clusters

• Distance from centroid of one cluster to another 
centroid

• Longest distance from any element of one cluster 
to another
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Software Packages to do Similarity 
Analysis

• STATISTICA

• R

• MATLAB

• PCA

• K-means clustering

• Dendrogram generation









Are features of equal weight?
Need for Normalizing Data

feature 1 feature 2

bench1 0.01 20

bench2 0.1 40

bench3 0.05 50

bench4 0.001 60

bench5 0.03 25

bench6 0.002 30

bench7 0.015 70

bench8 0.5 60

0.0885 44.375

0.169483 18.40759

Variance 1 > Mean 1

Variance 2 << Mean 2

Feature 1 numeric values
<< Feature 2 numeric val

Compute distance from
0 to bench 4, and 0 to bench 8

Feature 1 has low effect on distance



Unit normal distribution

1sigma=68.27%
2 sigma=95.45%
3 sigma=99.73%



Normalizing Data (Transforming to 
Unit-Normal)

The converted data is also called standard score.

How do you convert to a distribution with mean = 0 and std dev = 1?



Normalizing Data
feature 1 feature 2 norm feat 1 norm feat 2

bench1 0.01 20 -0.46317 -1.32418

bench2 0.1 40 0.067853 -0.23767

bench3 0.05 50 -0.22716 0.305581

bench4 0.001 60 -0.51628 0.848835

bench5 0.03 25 -0.34517 -1.05256

bench6 0.002 30 -0.51037 -0.78093

bench7 0.015 70 -0.43367 1.392089

bench8 0.5 60 2.427969 0.848835

0.0885 44.375 0 0

0.169483 18.40759 1 1

Convert to a distribution with mean = 0 and std dev = 1

With normalized data,  bench8 is far from bench 4



Mahalanobis distance

• Mahalanobis distance

– How many standard deviations away a point P is 
from the mean of a distribution

– If all axes are scaled to have unit variance, 
Mahalanobis distance = Euclidian distance
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Memory Characteristic space











We will discuss this after Plackett and Burman method – Yi et al – in a few weeks


