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Abstract
aiming to convert the source-side annotations into target-side and then combine the data to get larger training data.

The authors propose an annotation conversion method using multiple resources for POS tagging,

Two innovate strategies are proposed. The first strategy uses reliability information of guide features. The second
strategy uses ambiguous labelings to improve the quality of converted data. Results demonstrate that the first

strategy is helpful for annotation conversion while the second does little to conversion.
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Table 1 Features for POS tagging

POS Unigram Features : f,, (x,i,,)
0L t, 0w,
02 t,ow,_,
03 tow,,
04 f,0w0c_
05 t,owoc,,
06 t,0c,,
07 t,0¢, ,
08 t,oc;,,0<k<#c -1
09 t,0c,y0c,,,0<k<t#c —1
10 t,0¢; oc;,,0<k <#c -1

11if #c, =1 then t,ow,oc,, oc,,

12 if ¢, =c,,,, then ¢t oc,, o"consecutive”
13 t, oprefix(w,,k), 1<k <4,k <#c,

14 ¢, osuffix(w,, k), 1<k <4, k <#,

POS Bigram Features : [, (x,5,t, ;)
15t 0t
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Table 2 Additional guide features

Guide POS Features : f, (x,t*,i,z,)

01 f,(xit)ot]

05 t,0t ot

s s .S
02 1,01 06 £,015 o1,

s s s
03 ¢ 08, 07 t,08 01},

s s s .8
04 1,01, 08 £, 01, ot; o,
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Fig. 1 Framework for our guide feature based method
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Table 3 An example of guide features based method and
conversion method
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