Automatic Construction of a Chinese Electronic Dictionary

Jing-Shin Chang, Yi-Chung Lin and Keh-YihSu

Department of Electrical Engineering National Tsing-Hua University Hsinchu, Taiwan 30043, ROC

Behavior Design Corporation Science-Based Industrial Park Hsinchu, Taiwan 30077, ROC

1995/06/30,WVLC3,ACL-95

Table of Contents

Task Definition &System Overview Optimization with Context: Viterbi Training Optimization with Features: Two-Class Classifier Integrated System Performance Evaluation Error Analysis

Why Automatic Electronic Dictionary (ED) Construction for Chinese

1. Alarge-scale dictionaryis importantto many NLPapplications 2. Newlexicalitems growrapidlywithtechnologies 3. Field specific annotations may not be available in a general dictionary 4. Human constructionis costlyand timeconsuming 5. Chinese electronicdictionaryis not widelyavailable

Task: Automatic Dictionary Construction

Input: a Large Untagged Chinese TextCorpus + a SmallTagged/Segmented Seed Corpus Output: LexiconEntries withPOS tags Goal: cheap &quickacquisitionofa large scale ED (word-taglist) Learning:(essentially)unsupervised

=>Supervised trainingrequires a large annotated corpus =>Supervised learningusuallyassumes the existence ofa large ED

Example: Input:(unsegmented/untagged text corpus)

(EnglishTranslation)

The analysts’ predictions to Malaysia and Thailand bear great differences. If the differences are taken into consideration, the growth rate of the Malaysian enterprises willbe dropped greatly from14%to5%,and that ofThailandwillalso be dropped from12% to 3%.

(Segmented Chinese)

Output: Bad Output: n n, vi,vn, vp p n n ... cjw ... n ... ctm, ctn n, vi,vn, vs

What’s Special with Chinese Text

Chinese text streams are not delimitedby blanks need to identifythe lexicalunits withinthe streams Example: ... <=> ... EnglishAnalogy: Thisisabook. <=>Thisis a book.

Chinese text streams contain various constructs (notpurely"words")frommorphologicallevelto sentence level (people/person) ("+s") (always) (like new stuffsbetter than the oldones) (adj. marker) People always likenew stuffsbetter than the oldones.

need "word"association as wellas other association metrics

System Overview

Chinese Electronic Dictionary (Word-Tag List)

Segmented Text

Part-of-Speech Tagging (VTT)

Tagged Text Corpus

Tagging Parameters

Tagged Seed Corpus

Segmentation Module (VTW)

Plain Text Corpus

Words

Reestimation

Word-Tag Pairs

Reestimation

Segmented Seed Text

Segmentation Parameters

Figure 1 A Chinese Dictionary Construction Baseline System

Three ways to identify the lexical units

wordsegmentation approaches:

produce the best segmentation pattern

to optimizea segmentation criteria identifyqualifiedwords based on contextualconstraints feature-based 2-class classifierapproaches:

classifythe tokens witha discriminationfunction,or test the likelihoodbetween the word&non-wordclasses identifyqualifiedwordtokens based on useful features a combinationofthe above twoways applydiscriminationfunctionon words whichare qualified by contextualconstraints

Viterbi Training for Identifying Words (VTW)

Reestimate the language parameters iterativelyto improvethe system performance.

Labellingstage: Findthe best wordsequence W W =_{Wj}argmaxP W_j = w^{j,mj}_{j,1} |c^n_1 ( ) whichmaximizesthe followingscore scor e = P W_j = w^{j,mj}_{j,1} |c^n_1 ( ) ≅ Π m_j i = 1 P w_{j,i}( ) c^n_1 : inputcharacters c1,c2,...,c n W_j = w^{j,mj}_{j,1} : segmented wordpattern wj,1,wj,2,…, wj,m_j

ExampleInput: ... Possible patterns:

W_1: ... W_2: ...

Re-estimation stage: Find the best set of parameters P wj,i( ) which maximizes the likelihoodof the segmented patterns W with the maximumlikelihoodestimation(MLE).

Example:

P( ) = N( )/N(words) (is likelyto increase) P( ) = N( )/N(words) (is likelyto decrease)

Viterbi Training Procedure for Optimization

UnSegmented Text Corpus

Segmented Seed Corpus

Seed Words

STOP?

Word List

Seed Corpus n-gram

Frequency ≥ LB

Word Candidate

Parameter Estimation

Word Probability P(W)

Word Segmentation Module

Segmented Text Corpus t ≥ 0 t > 0 t = 0

t : iteration time N Y Figure 2 The block diagram of a Viterbi training model for word identification

Optimization Procedure

0. Collect n-grams (n=1,2,3,4) with Freq >= 5 + seed words + single characters as wordcandidates (initialwordlist/dictionary). Estimate initialprobabilitiesofthe n-grams based on seed.

1. Expand possible segmentation patterns for input text based on the candidate list 2. Findthe best path withthe highest score 3. Reestimate wordprobabilitiesbased on the best path and the seed 4. Gotostep 1 or Stop ifparameters converge or max. iterationis reached 5. ExtractWordListfromthe Segmented TextCorpus ifStopped

Two-Class Classifier for Identifying Words

Input:n-grams inthe unlabelledtext corpus Output:assign a class label ("word"or "non-word")to each n-gram Classifier:a simplelineardiscriminationfunction g x_s,w_s ( ) = ws•xs DecisionRules: cla ss w( ) = + w wor d ( ) − w non − wor d ( ) if g •( ) ≥ λ_0 if g •( ) < λ_0 { Learningthe weights:

Aprobabilisticdescent method to optimizeprecisionand recall Risk:R = Wp*(1-p)+Wr*(1-r)[p:precisionr: recall] Adjustthe weightsinthe -∇ R directionwhen an n-graminthe seed corpus is misclassified.

Features for the Classifier

Frequency f xi( ) : a character n-gramis likelyto be a wordifitappears more frequentlythan the average.

Mutual Information:characters with high mutual informationtend to have highassociation [Church90] I x,y( ) = log P x,y( ) P x( ) × P y( ) I x,y,z ( ) = log P_D x,y,z ( ) P_I x,y,z ( ) = log P x,y,z ( ) P_I x,y,z ( ) P_I = P x( )P y( )P z( ) + P x( )P y,z( ) + P x,y( )P z( ) Entropy: random distributionof the neighboring characters implies a natural break at the n-gram boundary [Tung94]: H_L x( ) = − ∑_{ci} P_L c_i;x( )logP_L c_i;x( )

H_R x( ) = − ∑_{ci} P_R x;c_i( )logP_R x;c_i( ) Feature Vector:[log(f),log(I),(H_L+H_R)/2,1]

Viterbi Training for POS Tagging

Labelling:Findthe best POS pattern whichmaximizesthe lexicalscore S_{lex} = P T_j|W( ) = P t^n_1|w^n_1( ) = P W|t^n_1( ) × P t^n_1( )/P W( ) ≅ 1/P W( ) × ∏ P t_i|t_{i − 1}( )P w_i|t_i( ) W: inputwords w1,w2,…, wn T_j : outputtag (POS) sequence t_1,t_2,…, t_n Reestimation:Findthe best P t i|t i − 1( ) and P wi|t i( ) withMLE.

Reestimation Procedure for POS Tagging

STOP? N

Y Word-Tag List

Segmented & POS Tagged Seed Corpus

Tagged (&Segmented) Text Corpus

Part-of-Speech Tagging Module

Segmented Text Corpus

Parameter Estimation

Tagging Probabilities P(t_i|t_{i-1}) & P(w_i|t_i) t ≥ 0 t > 0

t : iteration time

Figure 3 Block Diagram for a Viterbi POS Tag Training System

Reestimation Procedure for POS Tagging

0. Estimate initialPOS tag transitionprobabilitiesand word-tagconditional probabilitiesaccording to the seed; and assign the most frequently used 10 POS inthe seed to each segmented wordtokens.

1. Expand allpossible POS sequences accordingto the POS candiates. 2. Evaluate lexical scores for all POS sequences and find the best sequence.

3. Reestimate the probabilitiesaccording to the best sequence and the POS sequence forthe seed.

Combining Viterbi Training and Two-Class Classifier for Word Identification

Basic Model:VTW(ViterbiTrainingforWords)+ VTT(ViterbiTrainingfor POS Tags) use contextual constraints for identifyingwords and assign parts of speech Post-FilteringModel:VTW-I+TCC(Two-ClassClassifier)+VTW-II+VTT filteringout unlikelycandidate produced by the VTW-Imodule

Post-Filtering Configuration

Frequency ≥ LB

Word Segmentation Module

Part-of-Speech Tagging Module (VTT)

Word Candidate

Word Candidate

Tagged (&Segmented) Text Corpus

Word-Tag List n-gram

g = w_s•x_s ≥ 0? ( )

Word Segmentation Module (VTW)

Segmented Text Corpus

Word List

UnSegmented Text Corpus

Segmented Text Corpus & Word List

Classifier

Figure 4 VTW + TCC + VTT Configuration for Automatic Construction of an Electronic Dictionary

Experiments

Untagged Corpus: 311,591sentences (about 1,670,000 words, 9 M bytes) Domain:News Articles[ChinaTimes]

n 1 2 3 4 Total #n-grams 3,994 99,407 99,211 43,424 246,036 Seed-I : 9,676 sentences (127,052 words, 415 K) Seed-II:1,000sentences (12,849 words)sampled fromSeed-I Domain:ComputerManuals[BDCMTcorpora]

n 1 2 3 4 Total #n-grams 893 7,782 12,289 12,989 33,953

Evaluation against manually constructed Standard dictionaries

Whynot manual evaluation?

avoid subjective judgement &reduce costs in inspecting the long (80K)list Standard worddictionary:{BDCED}∪ {CKIPED}∪ {Seed words} excluding{{Wordsnotinseed-II}∪ {wordsnotinthe untagged input corpus}∪ {wordswithlowfrequency(<5)}}.

Size: 17,005 bigram words, 2,524 trigram words and 1,612 4-gram words.

Standard word-tagdictionary:{BDCEnglish-ChineseE.D.} Size: 87,551 entries, including35,722 bigram words, 19,858 trigram words, and 24,092 4-gram words

Tagset: 62 tags (only42 tags appear in the 1000-sentence seed, 47 tags inthe 9676-sentence seed) Note:The standard dictionariesare constructed independent ofthe corpus used. Inother words,they are not the idealdictionariesconstructed by an expert lexicographer after inspecting the whole untagged corpus.

Word Identification Performance n- gram

Processing Step

Freq. LB.

Filtering (LB=5) VTW Two-Class Classifier Pos-tFiltering (TCC)

VTW-2

2 Precision 17.07 (17,005/ 99,601) 38.21 ( 15,283/ 39,999) 56.80 (13,091/23,049) 56.88 (13,156/23,130)

Recall 100.0 (17,005/ 17,005) 89.87 (15,283/ 17,005) 76.98 (13,091/17,005) 77.37 (13,156/17,005)

3 Precision 2.54 (2,524/99,460) 6.01 (2,171/36,123) 6.02 (2,171/36,067) 6.12 (2,170/35,443)

Recall 100.0 (2,524/2,524) 86.01 (2,171/ 2,524) 86.01 (2,171/2,524) 85.97 (2,170/2,524)

4 Precision 3.71 (1,612/43,454) 5.81 (1,503/25,891) 6.21 (1,497/24,099) 6.31 (1,497/23,713)

Recall 100.0 (1,612/1,612) 93.24 (1,503/1,612) 92.87 (1,497/1,612) 92.87 (1,497/1,612)

Table 1 Word Identification Performance for the VTW+VTT and VTW+TCC+VTT topologies (seed=1000 sentences)

Note: only 2.5% and 3.7% 3-grams and 4-grams in the initialcandidate listsare considered "word"inthe standard dictionary Note: only 317 and 40 word tokens are available in the training (seed) corpus

n 2 3 4 #n-grams 7,782 12,289 12,989 #words 1,275 317 40 #non-words 6,507 11,972 12,949

Word Identification Performance Metric

WordPrecision/Recall P = # wor ds in stddic ∩ wor ds in extdic ( ) # wor ds in extdic ( ) R = # wor ds in stddic ∩ wor ds in extdic ( ) # wor ds in stddic ( ) stddic:standard worddictionary extdic:extracted worddictionary

POS Tagging Performance

Seed-I = 1000 Sentences Seed-II = 9676 Sentences Basic Model Post-Filtering Basic Model Post-Filtering Praw 46.40 (7944/17119) 46.37 (7241/15615) 51.79 (8873/17132) 52.53 (8390/15973) Rraw 60.40 (7944/13153) 60.82 (7241/11906) 64.22 (8873/13816) 64.61 (8390/12986) Pavrg 53.07 53.17 60.21 61.25 Ravrg 68.69 69.54 72.79 73.59 Pwavrg 57.20 57.55 71.16 71.81 Rwavrg 71.29 71.58 73.42 73.83

Table 2 Performance for Part-of-Speech Extraction of the Two Models

Note: only 42 tags appear in the 1000-sentence seed, 47 tags in the 9676-sentence seed Note:onlyTop-10POS are considered as the POS candidates

POS Tagging Performance Metrics

POS Raw Precision/Recall

P_{r a w} =

# wor d − ta g pa ir s in stddic ∩ wor d − ta g pa ir s in extdic ( ) # wor d − ta g pa ir s in extdic ( ) R_{r a w} =

# wor d − ta g pa ir s in stddic ∩ wor d − ta g pa ir s in extdic ( ) # wor d − ta g pa ir s in stddic ( ) POS Per-wordTag Precision P w( ) = # ta gs for w in stddic ∩ ta gs for w in extdic ( ) # ta gs for w in extdic ( ) R w( ) = # ta gs for w in stddic ∩ ta gs for w in extdic ( ) # ta gs for w in stddic ( ) POS Average Precision/Recall

P_{a vr g} = 1 N_w ∑w P(w) R^{a vr g} = 1 N_w ∑w R w( )

POS WeightedAverage Precision/Recall

P_{wa vr g} = ∑_w P w( ) × P r w( ) R_{wa vr g} = ∑_w R w( ) × P r w( )

Error Types for Word Identification

0. Non-Error:Newwords not knownto the standard dictionaryand constructs withregular syntax (names, number+units,date/time)

(...) 1. Compositional:the n-gram can be decomposed intolegal words (e.g., ("this afternoon") ("announce ... today") ("intervene the election")).

2. Collocational:parts of the n-gram are legal words, the other parts are highlyflexible(e.g.,"do not + VERBS"

"many+ NOUNS" "is not + ADJECTIVES" ).

3. Idiomatic:none of the substrings are legal words, all single characters are highly flexible (e.g., ("cannot be enumerated one-by-one")).

Distribution of Errors

% Non-Error Error Types newwords names number+units date/time comp. collo. misc. n = 2 18.0 10.5 1.0 0.0 70.5 n = 3 6.0 7.5 6.5 2.0 0.0 10.5 67.5 n = 4 28.0 3.5 3.0 1.0 12.5 15.5 36.5 sample size: 200 n-grams foreach n (sampled witha random number generator) idiomatictype and some arguable n-grams are included in the "misc."

(miscellaneous)type.

Concluding Remarks &Future Research

1. Unsupervised trainingbased on contextualconstraints and features for character associations couldbe used to extract the lexiconentries.

2. The proposed method could be used as a quick and cheap aid for constructinga large POS annotated dictionary.

3. The sub-patterns of the misidentifiedn-grams might provides some evidences forbetter identification.

4. 3-grams and 4-grams, whichhave very littletrainingtokens, need be improvedwithbetter models 5. Better classifiers based on likelihoodratiotest and other discriminative features are likelyto minimizethe error rates better than the simple lineardiscriminationfunction.

6. Semantic Tags couldbe extracted witha similarmethod.