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IV (in-vocabulary)

s HEICBENSEEE
« going, happen, buy

correct-OOV (correct out-of-vocabulary)

o IFRIELDHEHIZLO0V
« PS54, iPhone6, NLP

il-O0V (ill out-of-vocabulary) (= NSW)

« FHILDNENHZ00V
e knw, whts, Zmr
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(Liu+, 2012), (Hassan and Menezes, 2013),
(Yang and Eisenstein, 2013), (Li and Liu, 2014), ...
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NSW Detection
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two-step method
e [FUMIT, BEICEDWTIVEOOVIZH T3
e FDSZT. O0V%Zcorrect-O0V &ill-OOVICc¥E

« maximum entropy classifier

3-way classification
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« CRFs
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NSW Detection® &4

Dictionary Feature
« GNU spell dictionarylC& XN TWBEHNED
- 3-way classificationD & I[CAAWLS N3
| exical Features
- HER, BEH. FEHGE
e MMAT. LEFHEHNSFEUEXFERADEEETIL
Normalization Features
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NER

« WINHEFEIICRFs
o XARMAE TIEINEDC Classificationld o7 L
& < £ TSegmentationD &% X HR

pipeline method

SeaRNSW DetectionZ{To7c D AT, TDFER%E
ZMHICANTNER (isSNSW = True/False)
NSW Detectionlc k9 % &, #id A2NERD

HREICHBEZENHD EWOREEDD
loint decodlnq

NSW Detection & NERZ B4 ICF & Ujoint decoding
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Basic Features

« word 1,2,3-gram. POS 1,2,3-gram

« IXFHEHNRKIFEHIEDIDI-gram
NSW Label Features

« FHEHRTIVHIOOVHD1,2,3-gram

» NSW Detectionf&ZR D 1,2,3-gram

« INZT. N5 DCompound Feature




joint decodlng (1/2)
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joint decoding (2/2)
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e 1V: 33,740, correct-O0OV: 1,455, ilF-OOV: 4,121
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NSW Detection @ s¥{f#5 5

/ Two-step \
method Cl&
Test Set 1 Test Set 2 T USICEES
System I & | R P F icEDEoov
=T BD T,

Dictionary | 88.73 72.35 79.71 | 67.87 69.59 68.72 3-waylZ BT

Two-step | 81.66 88.74 85.05 | 57.60 90.04 70.26 recallH¥E L\ /

3-way 87.63 83.49 85.51 | 73.53 90.42 81.10

Table 3: NSW detection results.

3-way classification A%

EOENT=FERIC
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NERDE

System R P F
Pipeline w basic features 55.85 74.33 63.76
Pipeline w all features 60.00 77.09 67.40
Joint decoding w all features | 73.56  65.02  69.00
(Ritter et al., 2011) 73.00 61.00 67.00

Table 7: NER results from different systems on

data from (Ritter et al., 2011).
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NSW DetectionD & %1%

Dictionary Feature

1. is token categorized as IV or OOV by the
given dictionary (Only used in 3-way classifi-
cation)

Normalization Features

Lexical Features

2. word identity

3. whether token’s first character is capitalized
4. token’s length

5. how many vowel character chunks does this
token have

6. how many consonant character chunks does
this token have

7. the length of longest consecutive vowel
character chunk

8. the length of longest consecutive consonant
character chunk

9. whether this token contains more than 3 con-
secutive same character

10. character level probability of this token
based on a character level language model

11. whether each individual candidate list has
any candidates for this token

12. how many candidates each individual can-
didate list has

13. whether each individual list’s top 10 candi-
dates contain this token itself

14. the max number of lists that have the same
top one candidate

15. the similarity value between each in-
dividual normalization system’s first candi-
date w and this token £, calculated by

longest_common_string(w,t)

length(t)
16. the similarity value between each in-
dividual normalization system’s first candi-

date w and this token ¢, calculated by
longest_common_sequence(w,t)
length(t)
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Basic Features

1. Lexical features (word n-gram):
Unigram: W;(i = 0)

Bigram: Wz‘Wi.*_l(i - —2, —1, O, 1)
Trigram: W,-_1W,-Wz-+1(z' = —2, —1, O, 1)
2. POS features (POS n-gram):

Unigram: P;(i = 0)

Bigram: P;P; (i = —2,—1,0,1)
Trigram: P;_P;P; (i = —2,—1,0,1)
3. Token’s capitalization information:
Trigram: C;—1C;Ci+1(i = 0) (C; = 1 means
this token’s first character is capitalized.)

Additional Features by Incorporating Pre-
dicted NSW Label

4. Token’s dictionary categorization label:
Unigram: D;(i = 0)

Bigram: D;D;.1(i = —2,—1,0,1)

Trigram: Di—lDiDi+1('i = —2, —1, O, 1)

5. Token’s predicted NSW label:

Unigram: L;(i = 0)

Bigram: L,;Li+1(’i = —2, —1, 0, 1)

Trigram: Li_lLiLi+1(i = —2, —1, 0, 1)

6. Compound features using lexical and NSW
labels: W,;D,;, WiLi, WiDiLi (Z = 0)

7. Compound features using POS and NSW
labels: P;D;, P;L;, P;D;L;(i = 0)

8. Compound features using word, POS, and
NSW labels:

W;P;D;L;(i = 0)

21

Improving Named Entity Recognition in Tweets via Detecting Non-Standard Words




