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Notation
• Let 𝑥 be an example
• Let 𝑦 ∈ {0,1} be a binary label
• Let 𝑠 = 1 if the example 𝑥 is labeled, and let 𝑠 = 0 if 𝑥 is unlabeled

1s 1y Only positive examples are labeled.

• View  𝑥, 𝑦 and 𝑠 as random variables
• There is some fixed unknown overall distribution 𝑝(𝑥, 𝑦, 𝑠) over

triples 𝑥, 𝑦, 𝑠
• Training set: unlabeled examples 𝑥, 𝑠 = 0

labeled examples 𝑥, 𝑠 = 1

• Goal: learn a function 𝑓 𝑥 = 𝑝(𝑦 = 1|𝑥)



Central result

• Basic assumption: the labeled positive examples are chosen 
completely randomly from all positive examples.
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Estimate 𝑐

• Labeled  vs. unlabeled : 𝑔 𝑥 = 𝑝 𝑠 = 1 𝑥
• 𝑓 ∗ 𝑐 = 𝑔

• Let 𝑉 be such a validation set that is drawn from the overall 
distribution 𝑝(𝑥, 𝑦, 𝑠)

• Let 𝑃 be the subset of examples in 𝑉 that are labeled
• Estimator of 𝑐: 

𝑐𝑒 =
1

𝑛
σ𝑥∈𝑃𝑔(𝑥), where n is the cardinality of P.

𝑝 𝐿 𝑥 ∗ 𝑝 + = 𝑝(𝐿|+)



Illustration

• Generate 500 positive data points and 1000 negative data points, each 
from a two-dimensional Gaussian.

• Train two classifiers: 
− one using all the data
− one using 20% of the positive data as labeled positive examples, 

versus all other data as negative examples.

• Based on a validation set of just 20 labeled examples, this estimated 
value is 𝑐𝑒= 0.1928, which is very close to the true value 0.2. 



Illustration

• The large ellipse is the result of logistic regression trained on all 
the data. 

• The small ellipse is the result of logistic regression trained on 
positive labeled data versus all other data, then transformed 
following Lemma 1. 

• Data points lie in two 
dimensions.

• Blue pluses are positive 
examples, while red 
circles are negative
examples .



Weighting unlabeled examples

• Less obviously ,

• Let the goal be to estimate for any function ℎ, 
write as 𝐸[ℎ]



Weighting unlabeled examples

• Each labeled example is treated as a positive example with unit 
weight 

• Each unlabeled example is treated as a combination of a positive 
example with weight 𝑝(𝑦 = 1|𝑥, 𝑠 = 0) and a negative example with 
complementary weight 1 − 𝑝(𝑦 = 1|𝑥, 𝑠 = 0)

𝑚 is the cardinality of the training set 

• Estimate of 𝐸[ℎ] is then the empirical average 



Application To Real-World Data 
• 𝑃: 2453 records obtained from TCDB 
• 𝑈: 4906 records selected randomly from SwissProt excluding its

intersection with TCDB 

• Compare four approaches(𝑄 is set of unlabeled positive examples): 
(1) standard learning from 𝑃 ∪ 𝑄 versus 𝑁
(2) learning from 𝑃 versus 𝑈 with adjustment of output probabilities 
(3) learning from 𝑃 and 𝑈 after double weighting of 𝑈
(4) the biased SVM method: make losses on 𝑃 be penalized more heavily 

than losses on 𝑈



Experiment

• In order to show the differences between methods better, 
only the important part of the ROC space is shown.



Comparison



Contributions
• 𝑓 = 𝑔/𝑐
• double weighting for 𝑈

Shortcoming :

• Strong assumption: The labeled positive examples are chosen 
completely randomly from all positive examples

• The estimator of 𝑐 maybe not accurate 
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