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unknown target function
f: X —>)Y

(ideal credit approval formula)

|

training examples
¥ b L (X1,}’1), BNy (xNayN)

(historical records in bank)

hypothesis set
H

(set of candidate formula)

learning

algorithm final hypothesis

g=f

(‘learned’ formula to be used)
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(s1ven:

e a set L of labeled training examples

e a set IV of unlabeled examples

Create a pool U7’ of examples by choosing v examples at random from 7
Loop for & iterations:

Use L to train a classifier h; that considers only the xz, portion of x
Use L to train a classifier s that considers only the x5 portion of z
Allow hy to label p positive and n negative examples from 7'
Allow hs to label p positive and n negative examples from U’

Add these self-labeled examples to L

Randomly choose 2p + 2n examples from 7 to replenish U7’
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En->Ch translation
model f

English sentence x Chinese sentence

v = f(x)
.
s Ch->En translation
\ model g /

Feedback signals during the loop:
* s(x,x;): BLEU or similarity score of x, givenx
* L(yy) and L(x,): Likelihood and language model of y, and x;
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training. In: Proceedings of the 11th Annual Confer—ence on
Computational Learning Theory. New York, USA: ACM, 1998. 92,100
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