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e Raw Training dataset (raw_train.txt): ZH A4 tokenizer7} 285 S}
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1130b36a9ba93d8fchf@7a2ac0048d4c281cd57c: : 29 Geordie Nicholson .

1130b36a9ba93d8fchf@7a2ac0048d4c281cd57c::30 Web site: burgessyachts.com .

1130b36a9ba93d8fchf@7a2ac0048d4c281cd57c: :31 'Big Aron' Why we like it This
capacious 2004 yacht was refitted in 2006.

2 tagged_train.txt Tt o] AHE HoJFT].

42c027e4ff9730fbb3de84c1af@d2c506e41c3e4::@ LONDON/NNP |/, England/NNP (/(
Reuters/NNP )/) --/: Harry/NNP Potter/NNP star/NN Daniel/NNP
Radcliffe/NNP gains/NNS access/NN to/TO a/DT reported/VBN
- 128) °20/CD million/CD (/( $/$ 41.1/CD million/CD )/) fortune/NN
as/IN he/PRP turns/VBZ 18/CD on/IN Monday/NNP ,/, but/CC he/PRP
insists/VBZ the/DT money/NN wo/MD n't/RB cast/VB a/DT spell/NN on/IN
him/PRP ./.

42c027e4ff9730fbb3de84c1af@d2c506e41c3e4::1 Daniel/NNP Radcliffe/NNP as/IN
Harry/NNP Potter/NNP in/IN ~~/°° Harry/NNP Potter/NNP and/CC the/DT
Order/NN of/IN the/DT Phoenix/NNP ''/'' To/TO the/DT disappointment/NN
of /IN gossip/NN columnists/NNS around/IN the/DT world/NN ,/, the/DT
young/JJ actor/NN says/VBZ he/PRP has/VBZ no/DT plans/NNS to/TO
fritter/VB his/PRP$ cash/NN away/RB on/IN fast/JJ cars/NNS ,/, drink/NN
and/CC celebrity/NN parties/NNS ./.

42c027e41f9730fbb3de84c1af@d2c506e41c3e4::2 /> I/PRP do/VBP n't/RB
plan/VB to/TO be/VB one/CD of/IN those/DT people/NNS who/WP ,/, as/RB
soon/RB as/IN they/PRP turn/VBP 18/CD ,/, suddenly/RB buy/VBP
themselves/PRP a/DT massive/JJ sports/NNS car/NN collection/NN or/CC
something/NN similar/JJ ,/, ''/'' he/PRP told/VBD an/DT Australian/JJ
interviewer/NN earlier/RBR this/DT month/NN ./.
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