
The purpose of this project is to enhance the training of a machine learning model 
by augmenting a labeled training set by selecting additional examples from an 

unlabeled set per class in order and increasing the overall diversity of the combined 
training set.  To do this we attempt to maximize the class-specific entropy of the 

combined data set (as measured by the von-Neumann entropy of kernel similarity 
matrix of the data instances), subject to a likelihood constraint on a set of unlabeled 

points selected to augment each class.  Writing the constraint as a penalty, the 
overall optimization problem remains submodular and thus we propose to use a 
greedy algorithm to maximize the von-Neumann entropy of the combinational 

subset while taking into account the probability that the element in question is part 
of the subset that is being testing against.  
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As expected, the results show a statistically significant 
improvement between the original model  𝑀0 → fit(𝐷0) and 

the modified model 𝑀1 → fit(𝐷1) where 𝐷0 = 𝐷𝑡𝑟𝑎𝑖𝑛 and 
𝐷1 = 𝐷𝑡𝑟𝑎𝑖𝑛 & 𝑟𝑒𝑡𝑟𝑎𝑖𝑛 suggesting the better model is in fact 

𝑀1.

Future Work
Since the results demonstrate a statistically significant 

performance improvement between 𝑀0 and 𝑀1, future 
work will investigate the use of synthetically generate 

samples as 𝐷retrain.  Under this framework, a generative 
model would be used to produce class-conditioned samples 

that approximate the feature distribution of the original 
training data while introducing intra-class variably.  The data 

would be synthetically changed to allow for change in 
various factors to increase diversity.
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