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Abstract The current state-of-the-art approach in grapheme-to-phoneme (g2p) conversion is structured learning
based on the Margin Infused Relaxed Algorithm (MIRA). However, it is known that the aggressive weight update
method of MIRA is prone to overfitting, even if the current example is an outlier or noisy. Adaptive Regularization
of Weight Vectors (AROW) has been proposed to resolve this problem for binary classification. In this paper, we
first apply AROW to g2p conversion which is structured learning problem. In an evaluation, our proposed approach
achieves a 5.3% error reduction rate compared to MIRA implemented in DirecTL+ in terms of phoneme error rate.
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Algorithm 1 Online structured learning based on MIRA
Input:Training dataset D = {(x1,y1), .-, (D[, Y|D|)}

Output:w
w=0
repeat
for : =1 to |D| do
Predict N-best hypotheses 91, ..., gy by w - ®(xz;, §)
Update w by solving the constrained optimization problem
of Eq.(2)
end for

until Stop condition is met
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Algorithm 2 AROW 0000000000000

Input:Training dataset D = {(z1,y1), ..., (®|p|, YD)}
Output:u as weight vector w

pw=0>3x=1

repeat

for i =1 to |D| do
Predict N-best hypotheses 91, ..., gn by p - ®(xi, )
for n=1to N do
if L2 (i, Yis Gn, p) > 0 then
Update g and ¥ by Eq.(11) and Eq.(13) respectively
end if
end for
end for

until Stop condition is met
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