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Out-of-vocabulary (OOV)
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Keyboard Logs as Natural Annotations for Word
Segmentation

 Fumihiko Takahashi, Shinsuke Mori
— Can Symbol Grounding Improve Low-Level NLP?

Word Segmentation as a Case Study

* Hirotaka Kameko, Shinsuke Mori, and Yoshimasa Tsuruoka.




Can Symbol Grounding Improve Low-Level NLP?
Word Segmentation as a Case Study
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Long Short-Term Memory Neural Networks
for Chinese Word Segmentation

* Long Short-Term Memory Neural Networks
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CRF A—X

Averaged Perceptron
CRF A—X

CRF A—X

Tensor Neural Network

Gated Recursive Neural Network
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(Tseng et al., 2005) 95.0
(Zhang and Clark, 2007) 95.1
(Sun and Xu, 2011)

(Zhang et al., 2013) 96.1
(Pei et al., 2014)* 95.2
(Chen et al., 2015)* 96.4
REFE 96.5
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Morphological Analysis for Unsegmented
Languages using Recurrent Neural Network
Language Model



Semantic knowledge of language

Problem

In unsegmented languages, language models are learned from
automatically segmented texts and inevitably contain errors.

 Alanguage model trained by incorrectly segmented

“4}[E (foreign)/ A Z>(carrot)/ B #&(regime)” just supports that
incorrect and semantically unnatural word sequence.

* Semantically generalized language model

— The generalized model reduces influence of errors on
automatically segmented corpus

* Retraining using manually labeled corpus

— The retraining aims to cope with errors related to
function word sequences



Recurrent Neural Network
Language Model (RNNLM)

Example: “S}E A S BIE”

nput ME/NBBSE

(é%ﬂzwﬂg N I DB | 5ME, A, B )
R /, I = 0.00003 =0.909
| PAISME)
e D = 0.399 =
LB inE)

| [sevros
N
=
}

= 0.002 .
- ~ ol p(SME, A, BT HE, <eos>)
AS— = 0.761 x 107
ol o(THE | SV E, A B)
Input 2: S+E/ANS/BHE :};f\ - 0.0021 p(9VE, NS, IHE, <eos>)

=0.252 x 108
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Semantically Generalized Language Model

5\ E/ NS /B (foreign — carrot - regime) (analysis error)
A% : carrot BHE : regime
Conirg, FrAyY Fx BER 5%
5V EF : foreign

v A e U §

== D7A A : person B : suffrage ¥E : right_
s SB7, BT, AU & AT,

4524/ A (The Dutch) A 418 T "7,

3—0w/\/ N (European)

/S B/HE (Women suffrage right)
ERES)/ & /RUE/HE (Right of investiture)

On semantically generalized level, natural and correct
semantic sequences are supported by many other
similar word sequences.
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Proposed Method

About 10M sentences About 45K sentences

Auto segmented
corpus

Labeled Corpora
Proposed Model

Training Training Base Model

Pre—trained

. RNNLM Retrained
RNNLM Retraining

* We trained Base model for morphological analysis using manually
labeled corpus.

 We train RNNLM using auto segmented web texts, and retrain the
model using manually labeled corpus

— The retraining aims to cope with errors related to function word
seguences



Experiment and Results

Baseline:
JUMAN, MeCab : Japanese popular morphological analyzer
a model using conventional language model (SRILM)

Dataset for training RNNLM: Dataset for training base model and evaluation:
10 million raw sentences Kyoto University Text Corpus (Newspaper),
crawled from the web Kyoto University Web Document Leads Corpus (Web text)

+ Semantically generalized
Result language model

- b 2
98.90 NewspaperJ 7821 Web text B JUMAN

.
98.78 97.78 " W MeCab

97.60 B JUMAN*

98.508
B MeCab*

Traditional
language model*

97.50

30
98.32 97.48-

B Proposed model*

98.1@" 97.30-

Word segmentation !9
d POS i q
i + huge lexical knowledge

*with huge lexical knowledge
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Example

EATHGR D LR

JUMAN, Base Model
X FE/EET/R/E/M/TH/D /TR

JUMAN
X BR%E/D/F/E/H/HB/&

X RE/F/8K/) 745D/ 5 /5B

X BR/D/FN/ET)]IRFE/D ...

X BE/OC/EE ..

\

Score of SRILM -2.87

-5.61

Score of RNNLM

Proposed model

O Pm/s/mR/E/M/TH/D/ZT
Proposed model
O BER/O/F/BH/BE/R

O HER/FETH/D/5/FE
O EBR/D/Fh/EMEY]. IREK/D ...
O RE//Z/EZ ..

N

>> -3.69
< -5.34
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