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Introduction

Chinese word segmentation and POS tagging

Input:
SHEFEF=KE

word se@xtation & POStagging

Output:

£=BA/noun Z/verb FE/noun 3 =/number K/adjective B/noun
(Chongming is China' s third largest island)

Joint process

Advantages

@ Reduce error propagation

@ Give improvements over the pipelined process
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A serious problem: unknown words

unknown Worda
@ Unknown words = words that are not found (

in a training corpus or in a system'’s word

dictionary cause
@ To achieve the optimal performance, the v

system must effectively handle
unknown words. errors
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Introduction

Previous work

Character-based approach

- Pros: simple, robust for processing unknown words
- Cons: lose useful information on words

Word-based (dictionary-based) approach

- Pros: precise for processing known words
- Cons: need a good dictionary, difficult to handle unknown words

| A\

Word-character hybrid approach

- Pros: good for processing both known and unknown words
- Cons: difficult to train, need good balance for learning known
and unknown word statistics

NiCT :
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@ Propose a simple, unified way to train the y ¥
model based on discriminative online learning learn
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Introduction

Our solution

@ Focus on the word-character hybrid approach (unknown Words)

@ Propose a simple, unified way to train the y ¥
model based on discriminative online learning learn

@ Learn unknown word characteristics from

errors
@ Achieve superior performance compared with errors

the best existing methods

NiCT

6/32



The word-character hybrid model

o Key idea: represent an input sentence with a lattice
consisting of word-level and character-level nodes
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The word-character hybrid model

Sentence:
RPAEFEE=KE

3 1 (China) H %= (third)

; 2 [noun] N\ [ordinal number] \

s8¢ £28f(Chongming) 2(is) o (center) B (country) % (no.) =(three) K(big) B (island)
=] [noun] [verb] [noun] [noun] [noun] [noun] [adjective] [noun]

@ £2[B-noun] BA[B-noun] £[B-noun] [B-noun] E[B-noun]} 25 [B-noun] =[B-noun] K[B-noun] | B[B-noun]
’g ! £[1-noun] BA[1-noun] £[1-noun] P [I-noun] E[I-noun] 2 [1-noun] =[I-noun] K[I-noun] { B[1-noun]
; | £2[E-noun] BA[E-noun)| £[E-noun] A [E-noun] EE[E-noun]| 2 [E-noun) =[E-noun] K[E-noun] B[E-noun)|
E \ £[S-noun] BA[S-noun] £[S-noun] F[S-noun] E[S-noun] 28[S-noun] % =[S-noun] K[S-noun] %[Snoun]r
§ |[ZBven BF[B-verb] £[B-verb] [B-verb] E[B-verb] Z[B-verb] =[B-verb] KIB-verb] \}\ | [ B[B-verb]]
§ [ &[1-verb] BA[1-verb] £[l-verb] th[l-verb] E[I-verb] F[l-verb] =[l-verb] A[l-verb] [B[l-verh] |,
= M

o
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Annotated sentence:
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T | | %{-noun] BA[1-noun] £[1-noun] P [I-noun] E[I-noun] 2 [1-noun] =[I-noun] K[I-noun] { B[1-noun]
; | £2[E-noun] BA[E-noun)| £[E-noun] A [E-noun] EE[E-noun]| 2 [E-noun) =[E-noun] K[E-noun] B[E-noun)|
E \ £[S-noun] BA[S-noun] £[S-noun] F[S-noun] E[S-noun] 28[S-noun] % =[S-noun] K[S-noun] %[Snoun]r
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How can we select a correct path for training?

Annotated sentence:
28A/[noun] Z/[verb] FE/[noun] 5 =/[ordinal number] X/[adjective] E/[noun]

£ T E(Ching) B = (third)

; ® [noun] ordinal number]

8% £28f(Chongming) £Z(i9) 7 (center) B (country) % (no.) =(three) K(big) B (island)
] noun| verb) [noun] [noun] [noun] [noun] adjective] noun

w £[B-noun] BA[B-noun] +2[B-noun] Fh[B-noun El[B-noun]} 2 [B-noun]| =[B-noun] A[B-noun]| n]
% { £=[1-noun] BA[1-noun] £Z([1-noun] F[l-noun] E[I-noun] 2 [1-noun] =[I-noun] K[1-noun] { B[1-noun]
; | £[E-noun] BA[E-noun)| ZZ[E-noun] [ E-noun] E[E-noun)| 2 [E-noun] =[E-noun] K[E-noun] B[E-noun]|
E \ £2[S-noun] BA[S-noun] ZZ[S-noun] F[S-noun)] E[S-noun] 2 [S-noun] =[S-noun] K[S-noun] %[Snoun](
é IL,%[B-verb] BF[B-verb] A 2Z[B-verb] #[B-verh] E[B-verb] Z[B-verh] \ =[B-verh] K[B-verb] | B[B-verb]]
g | £=[1-verb] BA[1-verb] Z[l-verb] Fh[l-verb] E[I-verb] 2 [1-verb] =[I-verb] K[I-verb] / [ B[l-verh] |,
= M M M . . M M M M

o

In training, if we select the correct path corresponding to the
annotated sentence, it will only consist of word-level nodes that
do not allow learning for unknown words.



How can we select a correct path for training?

Annotated sentence:
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g : : : : . . : ] T
o

However, if we use character-level nodes to represent the
annotated sentence, we lose useful features on word surfaces.



How can we select a correct path for training?

Annotated sentence:
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We need to select some word-level nodes for learning statistics of
known words and some character-level nodes for learning those of
unknown words.
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Annotated sentence:
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o [noun] ordinal number]
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B = [noun] verb] [noun] [noun] [noun] [noun] adjective]

« £%[B-noun] BA[B-noun] £Z[B-noun] #1[B-noun] E[B-noun) Z5[B-noun] =[B-noun] A[B-noun] N}
% { £2[1-noun] BA[I-noun] <Z[I-noun] #h[I-noun] E[I-noun] 3 [1-noun] =[I-noun] A[I-noun] { B[1-noun]

; | £2[E-noun] BA[E-noun] £[E-noun]| [E-noun] E[E-noun] #[E-noun]| =[E-noun]| A[E-noun]| B[E-noun]|
E £2[S-noun] BA[S-noun] £Z[S-noun] F[S-noun)] E[S-noun] 2 [S-noun] =[S-noun] K[S-noun] %[snoun](
& |[=B-ver) BA[B-verb] Z[B-verb] h[B-verb] E[B-verb] B [B-verb] =[B-verb] A[B-verb] \}\\/ | &[B-verb]]
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a - - - - - : ! Y j Y /
5 -

o

We need to select some word-level nodes for learning statistics of
known words and some character-level nodes for learning those of
unknown words. What is an optimal way?
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Policies for correct path selection

Annotated sentence:
£28f/[noun] Z/[verb] 2 E/[noun] 5 =/[ordinal number] X/[adjective] E/[noun]

e (China)

noun /
ﬁﬁ Y
[noun] ‘

\ Xé-[l noun]i
i [ noun]j BA[E-noun]}y I
\] £[S-noun] BA[S-noun] g
lé-[B -verb] BR[B-verb] J,’ y

i\
[%[I—verb] 3 BA[1-verb] "“ =

Character-level nodes I Word-level

Start by using all word-level nodes



Policies for correct path selection: baseline

Annotated sentence:

==8f/[noun] Z/[verb] 2 E/[noun] 5 =/[ordinal number] X/[adjective] E/[noun]
occursonly oncein the training cor pus

Spprose _
gl,-—----—----.~ fhE(China)
i
S8 £285(Chongming) Z(i9) o (center) E(country)
B [noun] verb) [noun] [noun]
wl £2[B-noun| J BA[B-noun] +=[B-noun] f1[B-noun] EE[B-noun]
2 /
"g' 1 £=[1-noun) i BA[1-noun] Z=[1-noun] h[l-noun] EH[1-noun]
; : £2[E-noun] BA[E-noun] Z=[E-noun] H1[E-noun] EH[E-noun]
E S SEES-mowm] £[S-noun] [ S-noun] E[S-noun]
E ] £[B-verb)] BA[B-verb] Z[B-verb] fi[B-verb] E[B-verb]
§ [ &=[1-verb] | BA[I-verb] E[l-verb] wh[l-verb] E[1-verb]
= R . . R
Qo

Use character-level nodes instead of word-level nodes for rare words
< our baseline policy



Policies for correct path selection: baseline

Annotated sentence:
==BA/[noun] Z&/[verb] FE/[noun] 8 =/[ordinal number] X/[adjective] E/[noun]
|3 occursonly oncein thetraining cor pus

pose _
S%p,___________.s 1 E(China)
o '3 \ noun
s :8 £285(Chongming) 2Z(i9) 1 (center) B (country)
B8 [noun] verb) [noun] [noun]
wl £=[B-noun| J BA[B-noun] Z[B-noun] d1[B-noun] E[B-noun]
"qg)l ]%[I-noun]i BA[1-noun] £Z[1-noun] h[I-noun] E[1-noun]
T:, 1 £[E-noun] BA[E-noun] Z[E-noun] F1[E-noun] E[E-noun]
E S SRS mowm] £[S-noun] f1[S-noun] E[S-noun]
§ ] £[B-verb) BA[B-verb] Z[B-verb] fi[B-verb] E[B-verb]
% | =[1-verb] | BA[I-verb] £(1-verb] wh[l-verb] E[l-verb]
E . . R . .
Qo

Our baseline policy derives from Baayen and Sproat's assumption [1996]:
the characteristics of rare words in a training corpus resemble those of
unknown words.



Policies for correct path selection: error-driven

Annotated sentence:

=8f/[noun] 2/[verb] & E/[noun] % =/[ordinal number] /[adjective] B/[noun]

L3 isan erroneousword

SpPose _
2 o o o e [ (China)
@ '8 [noun]
8 :'8 £28H(Chongming) =(i9) i (center) E(country)
B & [noun] verb) [noun] [noun]
@l [ B-noun| J BA[B-noun] Z[B-noun] f1[B-noun] E[B-noun]
%l [%[I—noun]} BA[1-noun] =Z[I-noun] &1[1-noun] E[I-noun]
;: \ £[E-noun] BA[E-noun Z[E-noun] d1[E-noun] E[E-noun]
E A SEFS-mowm) =[S-noun] [ S-noun] E[S-noun]
é l] £[B-verb)] BA[B-verb] A £Z[B-verb] 1[B-verb] E[B-verb]
§ 1 =[I-verb] i BA[1-verb] Z[l-verb] d[l-verb] E[l-verb]
= . . . .
&)

Use character-level nodes instead of word-level nodes for

particular erroneous words in a training corpus < our error-driven

policy



Policies for correct path selection
°

Motivation

Error-driven policy

@ We need to find words that reflect the characteristics
of unknown words.

reflect | characteristics of
unknown words
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@ We need to find words that reflect the characteristics

of unknown words.

@ We found that using a set of rare words is not enough becasue
many errors still remain, mainly caused by unknown words.
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Policies for correct path selection
°

Motivation

Error-driven policy

@ We need to find words that reflect the characteristics

of unknown words.

@ We found that using a set of rare words is not enough becasue
many errors still remain, mainly caused by unknown words.

@ So, we need to find an additional set of words that may
capture the characteristics of unknown words.

reflect | characteristics of
unknown words

NiCT :
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Error-driven policy

training set

Let's start by performing 10-fold cross validation on the training
corpus



Error-driven policy

OOV words

Or

A set of out-of-vocabulary (OOV) words in each validation set is a
possible candidate that may reflect the characteristics of unknown
words

training set




Error-driven policy

( lear ned model

e correctly
[ [ [ 1 deteCted
training set

However, some of OOV words are correctly detected



Error-driven policy

| can handlethis:-)

( lear ned model

10

A
&

training set

correctly
detected

However, some of OOV words are correctly detected < the system

already captures their characteristics



Error-driven policy

| havenoidea:’-( 9 | 10
failed to be

( lear ned model )_.[/detected

A
&

training set

Some of OOV words cannot be correctly recognized



Error-driven policy

Please teach me! 9 | 10

failed to be
/ detected

A
&

( lear ned model )—»I

training set

Let the system learn the characteristics of unknown words from the
OOV words failed to be detected



Error-driven policy

Please teach me'!

( lear ned model )—

|

10

A
&

failed to be

/ detected

training set

Let the system learn the characteristics of unknown words from the
OOQV words failed to be detected <« unidentified unknown

words



Policies for correct path selection
0®00

Error-driven policy

Error-driven policy: an example

Test sentence:
ABCDEMNXY

An unsegmented test sentence in the validation set

NiCT
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Policies for correct path selection
0®00

Error-driven policy

Error-driven policy: an example

Correct annotation:
AB/[noun] C/[verb] DE/[noun] MN/[noun] X/[adjective] Y/[noun]

We know its correct annotation

NiCT :
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Policies for correct path selection
0®00

Error-driven policy

Error-driven policy: an example

Correct annotation:

AB/[noun] C/[verb] DE/[noun] MN/[noun] X/[adjective] Y/[noun

out-of-vocabulary (OOV) words

Three words cannot be found in the system's word dictionary

NiCT :
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Policies for correct path selection
0®00

Error-driven policy

Error-driven policy: an example

Correct annotation:

B/ noun| Cl/[verb] DE/[noun] MN/[noun] X/[adjective] Y/[noun
oov ooV

System output:
A/[noun] B/[noun] C/[verb] DE/[noun] MN/[verb] X/[adjective] Y/[noun]

Compare with the predicted sentence by the system
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Policies for correct path selection
0®00

Error-driven policy

Error-driven policy: an example

Correct annotation:

AB/[noun] C/[verb] DE/[noun] MN/[noun] X/[adjective] Y/[noun

ooV ooV oov
System output: \ \ \ \

A/[noun] B/[noun] C/[verb] DE/[noun] MN/[verb] X/[adjective] Y/[noun]

The system can correctly recognize four words, including one OOV
word

NiCT :
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Policies for correct path selection
0®00

Error-driven policy

Error-driven policy: an example

unidentified unidentified
notation:

AB/[noun] C/[verb] DE/[noun]| MN/ noun| X/[adjective] Y/[noun
ooV ooV ooV
System output: \ \ \ \

A/[noun] B/[noun] C/[verb] DE/[noun] MN/[verb] X/[adjective] Y/[noun]

The system cannot recognize two OOV words

NiCT :
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Policies for correct path selection
0®00

Error-driven policy

Error-driven policy: an example

unidentified . unidentified
5 {unotation:
AB/[noun]| |C/[verb] DE/[noun]| MN/ noun| X/[adjective] Y/[noun
oov oov
System output: \ \ \ \

A/[noun] B/[noun] C/[verb] DE/[noun] MN/[verb] X/[adjective] Y/[noun]

We use them for estimating unknown word statistics in the training
step

NICT
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Policies for correct path selection: error-driven

Annotated sentence:
=8f/[noun] 2/[verb] & E/[noun] % =/[ordinal number] J/[adjective] &/[noun]
| 3 isan unidentified unknown word

Sppose _
o e e [ (China)
; l8 1 [noun]
£28f(Chongming) 239 mh (center) & (country)
[noun] [verb] [noun] [noun]

£[B-noun| J BA[B-noun] Z[B-noun] d1[B-noun] E[B-noun]
! =[I-noun] } y BA[1-noun] Z[I-noun] &1[1-noun] E[l1-noun]
£[E-noun] BA[E-noun +=[E-noun] [ E-noun] E[E-noun]

2 | SEES-moem) £[S-noun] 1[S-noun] E[S-noun]

§  |[ZBvetl\ Y AB-vet N ) RIB-verbIN{ ) FIB-verb N V] E[B-verb]

§ | 2[1-verb] | BR[1-verb] E[l-verb] wh[l-verb] E[I-verb]

= . . . .

®]

Use character-level nodes instead of word-level nodes for
unidentified unknown words in the training corpus



Policies for correct path selection
oooe

Error-driven policy

Error-driven policy

After ten cross validation runs, we get a set of the unidentified
unknown words derived from the whole training corpus

NiCT
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Policies for correct path selection
oooe

Error-driven policy

Error-driven policy

Artificial unknown wordsfor learning

Combine unidentified unknown words in cross validation
and rare words to obtain the optimal set of
artificial unknown words

NiCT
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Training method
°

Problem

Training method

£ RE(Ching) F=(nird)

; 2 [noun] [ordinal number]

3% $28f(Chongming) 2Z(is) = (center) B (country) % (no.) =(three) K(big) & (island)
B s [noun] verb] [noun] [noun] [noun] [noun] adjective] noun

» BA[B-noun] 2Z[B-noun] [B-noun E[B-noun} 2 [B-noun] =[B-noun]| K[B-noun]| :%@
% BA[1-noun] ZZ[I-noun] =P [I-noun] E[I-noun] 2 [1-noun] =[I-noun] K[I-noun] { B[1-noun]
; ] BA[ E-noun| £[E-noun] Fh[E-noun] E[E-noun)| 28 [E-noun] =[E-noun] KI[E-noun] B[E-noun]
E £[S-noun] BA[S-noun] SZ[S-noun] F[S-noun)] E=[S-noun] 28 [S-noun] % =[S-noun] K[S-noun] %[Snoun]f
é ' S2[B-verb] BA[B-verb] A £[B-verb] ) th[B-verb] ) E[B-verb] [B-verh] ) =[B-verh] AlB-verb]\}\ | [ B[B-verb]]
§ | 22[1-verb] BA[I-verb] £[l-verb] [l-verb] E[I-verb] SB[1-verb] =[l-verb] K[I-verb] j [B[l-verb] |,
< H . . H H H H H H

&)

How can we train the model with large and complex lattice

structures?
[J
NICT
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Training method
°

Problem

Training method

£ FE(Ching F=(nrd)

; 2 [noun] ordinal number]

8% £28f(Chongming) £(9) 7 (center) B (country) % (no.) =(three) K (big)

B = [noun] verb] [noun] [noun] [noun] [noun] adjective]

w 2=[B-noun| BA[B-noun] *2[B-noun] A [B-noun]) EE[B-noun] 2 [B-noun] =[B-noun] K[B-noun]

% £=[1-noun] BA[1-noun] £Z([1-noun] Fh[l-noun] E[I-noun] 28 [1-noun] =[I-noun] K[I-noun]

; | £[E-noun] BF[E-noun| 2Z[E-noun] [ E-noun] E[E-noun)| 2 [E-noun] =[E-noun] K[E-noun] B[E-noun]|
E 2[S-noun] BA[S-noun] £Z[S-noun] Fh[S-noun)] E[S-noun] 2A[S-noun] =[S-noun] A[S-noun] %[Snoun]r
& |[B-ver) B5[B-verb] Z[B-verb] [B-verb] E[B-verb] F[B-verb] =[B-verb] A[B-verb] \}\\/ | &[B-verb]]
E | £=[1-verb] BA[1-verb] Z[1-verb] Fh[l-verb] E[I-verb] Z[1-verb] =[I-verb] K[I-verb] B [l-verh] |
3 X X X X X X : P —
= M

8]

In practice, a lattice can contain more than 1000 nodes and 10000
links, depending on the length of the sentence.
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Training method
°

Previous work

Training method

o Nakagawa [COLING 2004] proposed a two-step training
method based on the word-base Markov model and the
character-based maximum entropy model.
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Training method
°

Previous work

Training method

o Nakagawa [COLING 2004] proposed a two-step training
method based on the word-base Markov model and the
character-based maximum entropy model.

Disadvantages

o Model parameters are separately estimated

e Hard to exploit useful features on words with the Markov model
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Training method
°

Previous work

Training method

o Nakagawa [COLING 2004] proposed a two-step training
method based on the word-base Markov model and the
character-based maximum entropy model.

Disadvantages

o Model parameters are separately estimated

e Hard to exploit useful features on words with the Markov model

@ We propose a simple, unified training method based on
discriminative online learning.

NiCT
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Training method
@00

Our approach

Training method

@ We apply an online learning algorithm called Margin Infused
Relaxed Algorithm (MIRA) [Cammer, 2004].
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Training method
@00
Our approach

Training method

@ We apply an online learning algorithm called Margin Infused
Relaxed Algorithm (MIRA) [Cammer, 2004].

@ Online learning processes one training example at a time and

updates model parameters to improve accuracy on that
example.

NiCT
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Training method
@00

Our approach

Training method

@ We apply an online learning algorithm called Margin Infused
Relaxed Algorithm (MIRA) [Cammer, 2004].

@ Online learning processes one training example at a time and
updates model parameters to improve accuracy on that
example.

Advantages

@ Quickly converge within a few iterations (e.g., 10)

@ Enable us to incorporate arbitrary features to the model

NiCT
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Training method

Scor e of the correct path

£ RE(Ching) F=(hird)

; 2 [noun] [ordinal number]

s g £28f(Chongming) 2(i) = (center) E(country) #(no.) =(three) K(big) B (island)
B s [noun] verb] [noun] [noun] [noun] [noun] adjective] noun

» BA[B-noun] 2Z[B-noun]} i [B-noun E[B-noun] 2 [B-noun]| =[B-noun]| K[B-noun]| :%@
% BA[1-noun] ZZ[I-noun] =P [I-noun] E[I-noun] 2 [1-noun] =[I-noun] K[l-noun] { B[1-noun]
; BA[ E-noun| £[E-noun] Fh[E-noun] E[E-noun)| 28 [E-noun] =[E-noun] A[E-noun] B[E-noun)|
E £[S-noun] BA[S-noun] SZ[S-noun] F[S-noun] E=[S-noun] 28[S-noun] =[S-noun] K[S-noun] %[Snoun](
é I £=[B-verb] BA[B-verb] A Z[B-verb] ) h[B-verb] ) E[B-verb] 2 [B-verb] ) =[B-verb] K[B-verb] | %[B-verb”
§ | 22[1-verb] BA[I-verb] £[l-verb] [l-verb] E[I-verb] SB[1-verb] =[l-verb] K[I-verb] j [B[l-verb] |,
E . . . . . . . . .

&)

Calculate the score of the correct path s(z¢, y,; w)



Training method

Scor e of the candidate path

% i (China) % =(third)

; 2 [noun] [ordinal number]

3% $28f(Chongming) 2Z(is) = (center) B (country) % (no.) =(three) K(big) B (island)
B s noun| verb] [noun] [noun] [noun] [noun] adjective] [noun]

w £=[B-noun]| BA[B-noun] 2Z[B-noun]} 1[B-noun) E[B-noun] 2 [B-noun]| =[B-noun]| K[B-noun]| :%@
% ! £[1-noun] BA[1-noun] 2Z[1-noun] =P [I-noun] E[I-noun] 2 [1-noun] =[I-noun] K[l-noun] { B[1-noun]
; | 22[E-noun] BA[E-noun] £[E-noun] #[E-noun] E[E-noun] 2 [E-noun) =[E-noun] K[E-noun] B[E-noun]
E £[S-noun] BA[S-noun] SZ[S-noun] F[S-noun] E=[S-noun] 28[S-noun] =[S-noun] K[S-noun] B [S-noun
é [ZBvet) FABvebl NI V] ZiEvarl W FBven N | EB-vert] EBvearl || =(Bver] AB-verb]\J\ |/ [ B[B-verb]|
§ | 22[1-verb] BA[I-verb] £[l-verb] [l-verb] E[I-verb] SB[1-verb] =[l-verb] K[I-verb] j [B[l-verb] |{
= M H H H H H : M M

o

Calculate the score of the best candidate path s(z¢, §; w)



Training method

Scor e of the candidate path

% thE(China) 25 =(third)

E 2 [noun] ordinal number]

8% £28f(Chongming) £Z(i9) 7 (center) E(country) % (no.) =(three) K(big)

B = noun| verb] [noun] [noun] [noun] [noun] adjective]

w £2[B-noun] BA[B-noun] *2[B-nounj} £h[B-noun| E=[B-noun] 2 [B-noun] =[B-noun] K[B-noun] n]
% { £=2[1-noun] BA[1-noun] £Z([1-noun] #h[l-noun] E[1-noun] 2 [1-noun] =[I-noun] K[I-noun] { B[1-noun]

; | £2[E-noun] BR[E-noun]| Z[E-noun] h[E-noun] EE[E-noun #[E-noun]| =[E-noun]| A[E-noun]| B [E-noun]
E \ 2[S-noun] 85[S-noun] £[S-noun] th[S-noun] E[S-noun] [S-noun] =[S-noun] K[S-noun] B [S-noun

é [EBvern] FBvebl | )] 2(B-ven] H[B-verb] E[B-verb] FEBvenl || = (B-ver] ArB-verb]\J\ |/ | B[B-verb]|
§ | £=[1-verb] BA[I-verb] SZ[I-verb] F[l-verb] E[I-verb] Z[1-verb] =[l-verb] K[I-verb] / B [l-verh] |{
= M M M . M . . M H

o

Can apply Viterbi-style algorithm and extend to k-best paths with
A*-style algorithm



Training method

H e (Ching) E = (third)

; 2 [noun] i

s g £28f(Chongming) 2(i) = (center) E(country) #(no.) =(three) K(big) B (island)

B g noun| [noun] [noun] [noun] [noun] iecti noun

» = BA[B-noun] 2Z[B-noun]} 1[B-noun) E[B-noun] 2 [B-noun]| =[B-noun]| K[B-noun]| :%@
% = BA[1-noun] 2Z[1-noun] =P [I-noun] E[I-noun] 2 [1-noun] =[I-noun] K[l-noun] { B[1-noun]

; BA[ E-noun| £[E-noun] Fh[E-noun] [ E-noun] 28 [E-noun] =[E-noun] A[E-noun] B[E-noun)|
E £[S-noun] BA[S-noun] SZ[S-noun] F[S-noun] E=[S-noun] 28[S-noun] =[S-noun] K[S-noun] B [S-noun

é [ZBvet) FABvebl NI V] ZiEvarl W FBven N | EB-vert] EBvearl || =(Bver] AB-verb]\J\ |/ [ B[B-verb]|
§ | 22[1-verb] BA[I-verb] £[l-verb] [l-verb] E[I-verb] SB[1-verb] =[l-verb] K[I-verb] j [B[l-verb] |{
E . . . . . . . . .

&)

Calculate the loss function L(y,, )



Training method

% = (third)

s E(China)
" % [iiounl
a noun| w =-7‘” ‘ [noun] \\!l, [noun|
\ [AiB-noun\

\ | Z=[1-noun] | "\J} 8A[I-noun] g
T=E. = IN=E I X I';i = ]
En l “Z'\ \,.éc,,‘\‘,

[}

e e e | e e

e\ /[ #iB-very ,il:f‘V, E[Bveb] _:’:"‘v,"‘ F[Bvab] ::"v,‘ HB-vert N |§ B(B-vert] ,r".v, =[Bverb] i’.\,‘ Aevenl\} |/ B(B-ver]|
¢ (NN e 1-vero) W Epvero) i ‘

\ RY v Y 1\ \
[Z(vert] | N eB0-vert] ~!“,‘}'¢ Z[l-verb] R PN (1-vert] -.’};’( Z[l-verh] -.’};’( K[i-verd] | IE',[l-verb] |
70 70 i 71 71 A
: / AN /ASEFER A SFEN A WEER A SHERN A W

‘ Word-level

J[B-nounf\\ N E[B-noun\
\/J

(0o L ko

N

)

| !

2 [S-noun] w,""\'“y A[S-noun] "“
Y

Character-level nodes

False Positive (FP) = number of output nodes that are not in the
correct path



Training method

£ T E|(Ching) % = (third)

E 2 [noun]

8% £28f(@nongming) £(i9) 7 (center) E(country) % (no.) =(three) K(big)

B e noun| [noun] [noun] [noun] [noun] lecti
e = —_— — —_—— — —_

” { BA[B-oun] *2[B-nounj} £h[B-noun| E=[B-noun] 2 [B-noun] =[B-noun] K[B-noun] n]

% \ | Z=[1-noun] BA[1+ oun] £Z([1-noun] #h[l-noun] E[1-noun] 2 [1-noun] =[I-noun] K[I-noun] { B[1-noun]

; | £[E-noun] l BF[E-noun| 2Z[E-noun] [ E-noun] [EE|[E-noun] 2 [E-noun] =[E-noun] K[E-noun] B[E-noun]|

E BA[S-noun] £[S-noun] Fh[S-noun)] E[S-noun] 2A[S-noun] =[S-noun] A[S-noun] & [S-noun

H \ " BA[B-verb] E[B-verb] H[B-verb] E[B-verb] E[B-verb] =[B-verb] ArB-verb]\J\ |/ | B[B-verb]|

E | £=[1-verb] N BA[I-verb] SZ[I-verb] F[l-verb] E[I-verb] Z[1-verb] =[l-verb] K[I-verb] B [l-verh] |

3 X X X X X X : P —

= M . M . H . M

o

False Negative (F/V) = number of nodes in the correct path that
were not recognized by the system



Training method

_ FP+

£ RE(Ching) F(hird)

; 2 [noun] i

s g £28f(Chongming) 2(i) = (center) E(country) #(no.) =(three) K(big) B (island)
B g noun| [noun] [noun] [noun] [noun] iecti noun

» = BA[B-noun] 2Z[B-noun]} 1[B-noun) E[B-noun] 2 [B-noun]| =[B-noun]| K[B-noun]| :%@
% = BA[1-noun] 2Z[1-noun] =P [I-noun] E[I-noun] 2 [1-noun] =[I-noun] K[l-noun] { B[1-noun]
; BA[ E-noun| £[E-noun] Fh[E-noun] [ E-noun] 28 [E-noun] =[E-noun] A[E-noun] B[E-noun)|
E £[S-noun] BA[S-noun] SZ[S-noun] F[S-noun] E=[S-noun] 28[S-noun] % =[S-noun] K[S-noun] B [S-noun
é [ZBvet) FABvebl NI V] ZiEvarl W FBven N | EB-vert] EBvearl || =(Bver] AB-verb]\J\ |/ [ B[B-verb]|
§ | 22[1-verb] BA[I-verb] £[l-verb] [l-verb] E[I-verb] SB[1-verb] =[l-verb] K[I-verb] j [B[l-verb] |{
= H . . H H H H H H

&)

Our loss function L(y,,§) = FP + FN



Training method

_ FP+
é . 4’%&(&2}%) B (third)
5 B 228f(Chongming) 2(i9) £ (center) B (country) % (no.) =(three) K(big) B (island)
B = noun] [noun] [noun] [noun] [noun] ecti noun|
” BA[B-noun] £[B-noun]} £h[B-noun| E[B-noun 2 [B-noun] =[B-noun] K[B-noun] n]
% BA[1-noun] £Z([1-noun] h[l-noun] E[1-noun] 28 [1-noun] =[I-noun] A[1-noun] { B[1-noun]
; I BF[ E-noun| £[E-noun] [ E-noun] [E|[E-noun] 25 [E-noun] =[E-noun] K[E-noun] B[E-noun]|
E £=[S-noun] BA[S-noun] 2Z[S-noun] F[S-noun] E[S-noun] 2 [S-noun] =[S-noun] K[S-noun] 5 [S-noun
é I‘%[B—ve’b} FHiBve N V] ZBvet] [B-verb] E[B-verb] FBvebl || = [B-verr] AB-verb]\\ |/ | B[B-verbj|
§ | £[1-verb] BA[1-verb] Z[I-verb] H[l-verb] E[I-verb] Z1-verb] =[I-verb] Kll-verb] j [B[1-verb] |,
= M : M H M M . M M
o

Our loss function can reflect how bad the predicted path 4 is
compared to the correct path y,.



Training method
ooe

Our approach

MIRA

MIRA updates the weight vector w(?) by keeping the norm of the
change as small as possible [McDonald, 2006].
w1 = argmin,, |w — w| (1)
s.t. Vi € besty(ze; wh) -
S(mta yt; W) - 5($t, @v W) Z L(ytv @)

@ Eq (1) can be solved using Hildreth's algorithm.
@ Check our paper (pp. 513-521) for our feature set.
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Experiments

Experiments

Benchmark corpus
@ Chinese Penn Treebank (CTB)

@ Used the same training, development, and test sets as
reported in the literature.

@ Used standard recall (R), precision (P), and F;.

NiCT :
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Experiments

Parameter tuning

Training corpus

(" no. of kwn words )
= 472345
Results of Seg& Tag on dev set
r| R 2 Fi
1]0.9208 0.9127 0.9167
rarewords
occur <1
time Dev set
evaluate
\_ J

Baseline




Experiments

Parameter tuning

Training corpus

(" no. of kwn words A
= 459303 Results of Seg& Tag on dev set
r| R P F
1109208 0.9127 0.9167
Carewords 2 | 0.9280 0.9202 0.9241
occur <2
times Dev set
evaluate
. J

Basdline




Parameter tuning

Experiments

Training corpus

(no. of kwn words

= 449679

rarewords
occur <3
times

Basdline

evaluate

Dev set

Results of Seg& Tag on dev set
r ‘ R P F

1109208 0.9127 0.9167
0.9280 0.9202 0.9241
0.9312 0.9257 0.9285

w N




Experiments

Parameter tuning

Training corpus

(" no. of kwn words )
= 44159 Results of Seg& Tag on dev set
r ‘ R P F
1] 0.9208 0.9127 0.9167
Carewords 2| 0.9280 0.9202 0.9241
oceur < 4 3109312 0.9257 0.9285
times Dev st 4 1 0.9302 0.9257 0.9280
evaluate
\. J

Basdline




Experiments

Parameter tuning

Training corpus

(" no. of kwn words D
= A434725 Results of Seg& Tag on dev set
r R P F
1| 0.9208 0.9127 0.9167
e words 2 | 0.9280 0.9202 0.9241
occur €5 3109312 0.9257 0.9285
times Dev sgt 4 | 0.9302 0.9257 0.9280
evaluate 5(0.9301 0.9257 0.9279
\_ J

Basdline




Experiments

Parameter tuning

Training corpus

(" no. of kwn words D

= 449679 Results of Seg& Tag on dev set
r R P F

1| 0.9208 0.9127 0.9167
e words 2 | 0.9280 0.9202 0.9241
occur <3 3109312 0.9257 0.9285
times Dev sgt 4 | 0.9302 0.9257 0.9280
evaluate 5(0.9301 0.9257 0.9279

\_ J

Basdline




Experiments

Parameter tuning

Training corpus

(Perform 10-fold cross validation

on thetraining corpususing
abaseline (r=1) model to extract

~N

unidentified
unknown

words
(14875)

Error-driven

Results of Seg& Tag on dev set
r R P F
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Experiments

Parameter tuning

Training corpus
r

no. of kwn words D
= 459412

Results of Seg& Tag on dev set
r ‘ R P F
1]0.9282 0.9197 0.9239

unidentified
unknown
words
(14875)

rarewords
occur <1

time (21594)

Dev set
evaluate

Error-driven
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Parameter tuning

Experiments

Training corpus

7

no. of kwn words
= 450196

unidentified
unknown
words
(14875)

rarewords
oceur < 2
times (34636)

evaluate

Error-driven

Dev set

Results of Seg& Tag on dev set
r ‘ R P F

109282 0.9197 0.9239
2109283 0.9218 0.9251
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Parameter tuning

Experiments

Training corpus

7

no. of kwn words
= 442423

nidentified
unknown

words
(14875)

rarewords
occur <3
times (44260)

Error-driven

evaluate

Dev set

Results of Seg& Tag on dev set

r |

R P F

1

w N

0.9282 0.9197 0.9239
0.9283 0.9218 0.9251
0.9317 0.9260 0.9288
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Experiments

Parameter tuning

Training corpus
r

no. of kwn words
= 435475

Results of Seg& Tag on dev set
r ‘ R P F
1109282 0.9197 0.9239

0.9283 0.9218 0.9251

0.9317 0.9260 0.9288

0.9312 0.9262 0.9287

nidentified
unknown
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Experiments

Parameter tuning

Training corpus
r

no. of kwn words

= 42947
9475 Results of Seg& Tag on dev set

r R P F1

0.9282 0.9197 0.9239
0.9283 0.9218 0.9251
0.9317 0.9260 0.9288
0.9312 0.9262 0.9287
0.9299 0.9261 0.9280

rarewords

occur <5

times (59214) Dev set
evaluate

Gl B W N =

Error-driven
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Experiments

Parameter tuning

Training corpus
r

no. of kwn words
= 442423

Results of Seg& Tag on dev set
r R P F
0.9282 0.9197 0.9239
0.9283 0.9218 0.9251
0.9317 0.9260 0.9288
0.9312 0.9262 0.9287
0.9299 0.9261 0.9280

nidentified
unknown

words
(14875)

rarewords
occur <3
times (44260)

Dev set

G BB W N

evaluate

Error-driven
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Experiments

Comparison with the best existing methods on CTB 5.0

Previous work

@ Jiang08a: The perceptron algorithm with global features by
Jiang et al. [ACL 2008]

@ Jiang08b: The perceptron algorithm with lattice reranking by
Jiang et al. [COLING 2008]

o N&UO7: The hybrid method trained with the word-base
Markov model and the character-based maximum entropy
model by Nakagawa and Uchimoto [ACL 2007]
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Experiments

Results on CTB 5.0

Table: Comparison of Fy results with previous studies on CTB 5.0

Method \ Seg \ Seg& Tag
N&UO07 0.9783 0.9332
Jiang08a 0.9785 0.9341
Jiang08b 0.9774 0.9337
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Results on CTB 5.0

Experiments

Table: Comparison of Fy results with previous studies on CTB 5.0

Method \ Seg \ Seg& Tag
N&UO07 0.9783 0.9332
Jiang08a 0.9785 0.9341
Jiang08b 0.9774 0.9337
Ours (baseline) 0.9779 0.9360
Ours (error-driven) | 0.9787 | 0.9367
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Experiments

Additional comparison on CTB 3.0

Previous work

@ N&LO04: The character-based maximum entropy model by Ng
and Low [EMNLP 2004]

@ Z&08: The perceptron algorithm by Zhang and Clark
[ACL 2008]

o N&UO7: The hybrid method trained with the word-base
Markov model and the character-based maximum entropy
model by Nakagawa and Uchimoto [ACL 2007]
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Results on CTB 3.0

Seg Seg& Tag
N&U07 Z&C08 Ours N&U07 Z&C08 Ours
Trial (base.) (base.)

0.9701 0.9721 0.9732| 0.9262 0.9346 0.9358
0.9738 0.9762 0.9752 | 0.9318 0.9385 0.9380
0.9571 0.9594 0.9578 | 0.9023 0.9086 0.9067
0.9629 0.9592 0.9655 | 0.9132 0.9160 0.9223
0.9597 0.9606 0.9617 | 0.9132 0.9172 0.9187
0.9473 0.9456 0.9460 | 0.8823 0.8883 0.8885
0.9528 0.9500 0.9562 | 0.9003 0.9051 0.9076
0.9519 0.9512 0.9528 | 0.9002 0.9030 0.9062
0.9566 0.9479 0.9575| 0.8996 0.9033 0.9052
0.9631 0.9645 0.9659 | 0.9154 0.9196 0.9225
Avg. | 0.9595 0.9590 0.9611| 0.9085 0.9134 0.9152

Table: Comparison of F; results for N&UQ07, Z&C08, and our baseline
model on CTB 3.0

© 0O ~NOO A~ WN

[y
o

Note that the experimental setting is based on 10-fold cross validation

according to previous work.



Experiments

Results on CTB 3.0

Table: Comparison of averaged F; results (by 10-fold cross validation)
with previous studies on CTB 3.0

Method [ Seg [ Seg& Tag
N&L04 0.9520 -

N& Uo7 0.9595 0.9085
Z&C08 0.9590 0.9134
Ours (baseline) | 0.9611 | 0.9152
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Conclusion

Conclusion

Our approach has two important advantages:

@ a simple method for learning characteristics of unknown words
from errors in the training corpus

| havenoidea:’-(
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Conclusion

Conclusion

Our approach has two important advantages:

@ a simple method for learning characteristics of unknown words
from errors in the training corpus

@ an efficient training method for the word-character hybrid
model based on MIRA
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Conclusion

Conclusion

Our approach has two important advantages:

@ a simple method for learning characteristics of unknown words
from errors in the training corpus

@ an efficient training method for the word-character hybrid
model based on MIRA

Our approach is language-independent, and we plan to apply it to
other Asian languages such as Thai and Japanese in future work.

NiCT

29 /32



Thank you.

Questions?

NICT ==
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Generic online learning algorithm

Input: Training set S = {(x¢, ¥;)}/_;
Output: Feature weight vector w

1: w0 =0:v=0:i=0

2: for jiter =1 to N do

3: fort=1to T do

4 w(t1) = update w(?) according to sample (z:, y,)

5: v=v+wltl)

6: i=i+1

7-w=v/(NxT)
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