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Background

0 Definition: Part-of-speech Tagging

e Mark up a word in a text (corpus) as corresponding to a particular
part of speech, based on both its definition, as well as its context.

0 Example

S, REA, &, EH, M,

Foreign Ministry spokesman answers reporters’ questions
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Related work

1 Recent advance

o Tseng et al. (2005) propose a variety of morphological features
for POS tagging to help improve unknown-word tagging
performance

o Huang et al. (2009) utilize a discriminative reranking model to
help achieve improvement on Mandarin POS tagging

o Lietal. (2011) propose joint models for Chinese POS tagging and
dependency parsing to improve both of them
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Related work

o Multiple resources

e Jiang et al. (2011) propose a guide feature based method for
Chinese word segmentation and POS tagging

e Sun and Wan (2012) propose a structured guide feature method
for Chinese lexical processing with heterogeneous annotations

e Qiu et al. (2013) propose joint Chinese word segmentation and
POS tagging on heterogeneous annotated Corpora with multiple
task learning
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Motivation

Why use multiple resources?

0 Single resource has two drawbacks
o limited scale
e genre coverage

We also use multiple resources in our work!
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Motivation

How we use?

0 Jiang(2011)’s guide feature based method
o Simple and effective

o But has two shortcomings
» Use limited language phenomenon

» Inefficient because of twice decoding

We propose an annotation conversion method!
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What is annotation conversion

0 Definition: convert the source-style annotations into
target-style annotations

o Example

Source Data
S-style

N
512 # [t

. J

Target data
T-style

annota
conver
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Guide feature based method

‘ Step 1: Get guide feature \

Trainingl> Tagger-S
Target data

Source data
S-style

4k 2, R %_Az gs 'LEP?IL4 ] 5 + Tagging S'Style
Foreign Ministry |spokesman|answers|reporters’ questions ——': :

Target data

nt n \% n %] /\/i

s 2 H, &P Rk,

Foreign Ministry| spokesman | representative

T-style

nt n n

s 2, L &P R&Ks

Foreign Ministry| spokesman |representative

NR NN NN

guide feature
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Guide feature based method

‘ Step 2: Train a model \

Target data
S-style Je—— guide feature

Data pre-processh?zl/—

Target data _
With guide feature | _Iraining Tagger-T
(guide feature)

7_/< “Guide-A” wmodel

s 2, &P R,

Foreign Ministry| spokesman | representative

guide feature—2 [ nt n n_J
NR NN NN

Target Data
T-style
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Annotation conversion

‘ Step 3 : Annotation conversation \

Guide-A

Tagger-T
(guide feature)

Source data

+ Tagging > (RS
Source Data 7/_\
S-style B, | REA, | A | BE | S
Foreign Ministry | spokesman|answers | reporters’ |questions
NR NN | VV | NN | VV
sh 2, RE A2 &y L&, %] 5
Foreign Ministry | spokesman| answers [reporters’|questions
nt n A n vn
11 B LGSR E AR

Human L.anguage Technology, Soochow University



Further

0 Add confidence level to guide feature method

o Jiang didn’t take confidence level into account in his work

e Motivated by the intuition that distinguishing the two features
can help to improve our conversion performance.

o Use guide feature’s marginal probability as its confidence
level
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Guide feature based method

‘ Step 1: Get guide feature + Confidence level \
Training_l> Tagger-S

Source Data
S-style

Target Data
\ S-style
43 5, REAN, | %, | B#, | M + Tagging Confidence level

Foreign Ministry |spokesman|answers|reporters’ questions
nt n \4 n v
Target Data
T-style s, RE A, K&,
Foreign Ministry| spokesman | representative
nt n n
b2, RE A (-
Foreign Ministry| spokesman representative 09 j 08 05
NR NN | NN /
guide feature
Confidence level
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Guide feature based method

‘ Step 2: Train a model \

Target Data
(guide feature +
confidence level)

7\

Training >

guide feature—

confidence level —

SR, EE AN, R&;
Foreign Ministry| spokesman |representative
nt n n
0.9 0.8 0.5
NR NN NN

Tagger-T
(guide feature +
confidence level)

“Guide-B” wmodel
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Annotation conversation

‘ Step 3 : Annotation conversation \

Guide-13

Tagger-T
(guide feature +
confidence level)

Source Data

+ Tagging > I-style

57]\55%131 K%‘Az ga iﬂ%4 r"js

Foreign Ministry | spokesman|answers |reporters’ |questions

| NR | NN |VV| NN NN |

Source Data
S-style

s 2, REN, | &5 | BE, 5

Foreign Ministry | spokesman| answers [reporters’ questions
nt n v n vn
1 1 1 1 1
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Further

Our real goal

*

Target data
T-style

Large-scale
Combination

corpus
T-style

Source data
T-style
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Further

o Two versions of target-style annotations
o Both of them are got by automatically POS tagging

o Exist incorrect target-style annotations inevitably

Target Data
T-style

Ambiguous labelings appeare

Large-scale

e —— - Corpus
- N N T-style
/
/ (
l/ | Source data A S
|\ T-style
\\ Source data B
N /
N 7
~ - _ 7~

—~ —— ——
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Ambiguous labelings

Source Data
Ambiguous labelingj + Target Data

N\ / AN

&]‘3‘6%131 K%AQ gs iﬂ%4 ]"ﬂs &]\?E%]sl i%_Az {_Ei%3
Foreign Ministry|spokesman|answers [reporters’| questi Foreign Ministry| spokesman [representative
NR NN vv | NNC | NN_VV NR NN NN

Training

N

Guide-A: VV
Guide-B: NN

Tagger-T+S
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Extension of CRF

0 The traditional objective is like this:

Maximize the probability of gold-standard POS
seguence of training data

o In our case:

Maximize the sum probability of all the POS
sequence in the ambiguous labelings
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Experiments

o Corpus statistics
e Penn Chinese Treebank 5.1 (CTBS)
o Peking University’s People’s Daily (PD)

Corpus  Category Sentences words
Train 16,091 437,991

CTB5 Dev 803 20,454
(Target data) Test 1,910 50,319
Train 291,722 6,843,978

PD Dev 5,000 116,887
(Source data) Test 10,000 236,528
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Experiments

Baseline CTB5

Guide feature based method (guide feature) CTBS5+guide feature
[Guide-A]

Guide feature based method CTB5+guide feature+confidence level
(guide feature + confidence level) [Guide-B]

Annotation conversion [conversion-A | CTBS & PD-A

Annotation conversion [conversion-B] CTBS & PD-B

Annotation conversion (Ambiguous labelings) CTBS & PD-A+B
[conversion-A+B]
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Experiments

o Experiments on the test set of CTBS
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Conclusions

o We proposes two novel strategies to advance state-of-the-
art methods on multiple resource exploitation.

o Use reliability information of guide feature and confidence level
Use ambiguous labelings to improve the performance of POS

tagging
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The end

Thank You
QandA

26

BHABGALEBRE AL

Human Language Technology, Soochow Univers

ity



