
1 

Humanoid Robotics 

Statistical Testing 

Maren Bennewitz 



2 

Motivation 
§  Publishing scientific work usually requires 

comparing the performance of algorithms 
 

§  Typical situation: 
§  Existing technique A 
§  You developed a new technique B 
§  Key question: Can you confidently claim 

that B is better than A? 
 

§  Run experiments with both algorithms and 
compare the outcome 
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Evaluating Experiments 
§  Define a performance measure such as 

§  Run time 
§  Error 
§  Robustness (e.g., success rate) 

§  Design a set of experiments or collect 
benchmark datasets d  

§  Run both techniques on d 
§  How to compare the obtained results A(d) 

and B(d)? 
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Example 
Scenario 
§  A, B are two path planning techniques 
§  Performance measure: planning time 
§  Data d is a given map, start and goal pose 

Example 
§  A(d) = 0.5 s 
§  B(d) = 0.6 s 
 

What does that mean? 
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Example: More Data 

Same scenario but four planning instances 

Example 
§  A(d) = 0.5 s, 0.4 s, 0.6 s, 0.4 s 
§  B(d) = 0.4 s, 0.3 s, 0.6 s, 0.5 s 

What does that mean? 
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Example: More Data 

Same scenario but four planning instances 

Example 
§  A(d) = 0.5 s, 0.4 s, 0.6 s, 0.4 s 
§  B(d) = 0.4 s, 0.3 s, 0.6 s, 0.5 s 

Average of the planning time 
§  µA = 1.9 s/4 = 0.475 s 
§  µB = 1.8 s/4 = 0.45 s 

It B really better than A? 



7 

Is B better than A? 

§  µA = 0.475 s, µB = 0.45 s 
§  µA > µB , so B is better than A? 
§  We only performed four tests, thus  
µA and µB are only rough estimates 

§  We saw too few data to make statements 
with high confidence 

§  How many samples do we need to be 
confident that B is better than A? 
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Population and Samples 

§  The data we observe are often only a small 
fraction of the possible outcomes 

§  Population = set of potential 
measurements, values, or outcomes 

§  Sample = the data we observe 
§  Sampling distribution = distribution of 

possible samples given a fixed sample size 
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Sampling Distribution 

§  Distribution of a statistics calculated from all 
possible samples of a given size, drawn 
from a given population 

§  Example: Toss a coin twice 

0 heads 1 head 2 heads 

0.25 

0.5 
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Sampling Distributions 
§  Rather theoretical entities 
§  Distribution of all possible samples are likely 

to be large or infinite 
§  Very few closed-form solutions only 
§  However, one can compute an empirical 

sampling distribution based on a set of 
samples 
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Experiment: Error of the Mean 
We estimate the mean by averaging  
N samples. How big is the expected error? 

µ 
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Experiment: Error of the Mean 
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We estimate the mean by averaging  
N samples. How big is the expected error? 
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Central Limit Theorem 
§  The distribution of the average of  

N samples approaches a normal 
distribution as N goes to infinity 

§  If the samples are drawn from a 
population with mean µ and standard 
deviation σ, then the mean of the 
sampling distribution is µ with standard 
deviation 

§  These statements hold irrespectively of 
the shape of the population distribution 
from which the samples are drawn 
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Standard Error of the Mean 
§  Central limit theorem: 

§  The standard deviation of the mean of the 
sampling distribution is called standard 
error (SE) 

§  The standard error represents the 
uncertainty about the mean and is given 
by
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Hypothesis Testing 
§  Question: Is technique B better than A? 
§  Assume we know the mean and standard 

deviation of the performance of A 
§  We collect N sample outcomes of B from 

experiments 
§  Are the distributions of A and B equal or 

different? 
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Motivational Example 
From which distribution have these samples 
been drawn? 

All of these populations 
can explain the samples 

The samples were 
probably not drawn from 
this population 
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Hypothesis Testing 
§  It is impossible to confirm that a finite set 

of samples was drawn from a particular 
distribution 

§  But we can confidently rule out some  
very unlikely distributions 

§  We can show that B is better than A by 
showing that the opposite is very unlikely 
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t-Test 
§  Analyzes two sample sets to assess whether 

both are drawn from populations with equal 
means  

§  Example: Compare outcomes of two path 
planning algorithms on a given set of 
planning instances 
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Conclusion 
§  To support the claim that Algorithm A is 

better than Algorithm B, collect a sufficiently 
large sample set and analyze the data 

§  Use a statistical test to show statistical 
significant difference 

§  The t-test is a frequently used test in 
science 
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