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Overview: Relational Learning and IID

● Traditional machine learning algorithms make an “IID” 
assumption

● Relational learning does not make this assumption and 
leverages the latent relations between features
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Zipf’s Law

● Empirical law
○ Distribution of words in a natural language
○ Linear log-log plot of frequency to rank



Why Zipf?

● Correlation to relational learning?
○ Suggested by results from previous research
○ Our task: to investigate

● Importance
○ Correlation -> simple predictive test



Empirical Approach

● Compare NB (standard algo) to HONB (relational variant)
● Look at the performance of HONB in relation to the R-

squared measure of the “Zipfian-ness” of the feature 
distribution

● Look for a correlation across different types of data, 
different n-gram sizes, different feature space sizes
○ N-grams are substrings of length N that are generated 

from text



Starting Hypotheses

● There is a correlation between the mean square error measurement of how 
Zipfian a dataset’s feature distribution is and the classification performance of 
HONB.

● The effectiveness of HONB operating on a dataset composed of character n-
gram features shows a statistically significant improvement as the character 
n-gram distribution approaches a Zipfian distribution.



Mathematical Approach
● HONB counts implicit paths of length k: optimal path length?

○ Involves counting SDRs of n given sets
● SDR: “System of Distinct Representatives”

○ Formula given for n=2,3,4
○ General case left open in 2011 paper
○ #P-Hard
○ Closed form might still be helpful theoretically



Mathematical Approach
Theorem:

● Proof by Möbius inversion on the set partition lattice (order theory)
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Datasets we tested

● Ushahidi Haitian Earthquake Dataset
○ 2528 instances, 5 classes
○ Confirmed prior research in this area

● Twitter Sentiment Dataset
○ 1040 instances, 3 classes

● Washington Transportation Dataset
○ 1368 instances, 3 classes
○ Contributed by Dr. Williams

● California Transportation Dataset
○ 1221 instances, 3 classes
○ Contributed by Dr. Williams



Datasets we tested

● Worldwide Incidents Tracking System (WITS) Dataset
○ 3000 instances, 4 classes

● National White Collar Crime Center (NW3C) Dataset
○ 10,000 instances, 6 classes 

● DNA Dataset
○ 3190 instances, 3 classes

● Nuclear Dataset
○ 4 isotopes, 302 instances each, 2 classes (present or absent)



Test results- formatting example



Background: Metrics

● Accuracy
● Precision
● Recall
● F-measure (Fβ)

○ Harmonic mean of Precision & Recall
○ β -> relative weight



Results

● Are our hypotheses supported by the evidence thus far?
○ A correlation seems to exist, but it’s not the type of 

correlation we were expecting
○ The nature of the correlation is not quite clear yet, but 

we are working on isolating it
● We therefore conclude that our original hypotheses are 

not supported by the experimental evidence, but a similar 
hypothesis may be
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Future steps

● Investigate alternative ways of looking at results
○ Hold different variables constant: values of N, feature size, R-squared 

value, etc

● Create more data points
○ Compute results for more values of N and a wider range of feature spaces

● Pursue other possibilities for theorems
○ Might be able to say something about the performance of HONB in 

specific cases


