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N
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P
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w
ords

has�

dependencies
S

(told)

N
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P
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S
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P
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93.93
...TO

TA
L

6495
93.76

92.96
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P
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P
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P
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P
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81.51

A
djunctto

a
verb

V
P
T
A
G
A
D
V
P
R

367
74.93
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P
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R
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R
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�
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�
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P
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R
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R
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�
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h-m
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