AMultivariate Gaussian Mixture Model for Automatic Compound Word Extraction

*Jing-Shin Chang and +Keh-YihSu

*Behavior Design Corporation, Hsinchu, Taiwan, ROC.

+Department of EE, National Tsing-Hua University Hsinchu, Taiwan, ROC.

August 23, 1997, Academia Sinica, Taipei, ROCLING-X

Table of Contents

Why Automatic Lexicon Acquisition P-R (Precision-Recall) Maximization Problems English Compound Word Extraction Problems Two-Stage Strategy - MinimizingClassification Error Non-linear Learning for Precision- Recall Maximization (not addressed in the conference paper)

ROCLING-X - 1 -

What is Lexicon Acquisition (English)

For informationabout installation,see MicrosoftWordGettingStarted. To choose a command froma menu, pointto a menu name and click the left mouse button ( ). For example, point to the File menu and clickto displaythe Filecommands. Ifa command name is followedby an ellipsis,a dialogbox ( ) appears so you can set the options you want. You can also change the shortcut keys ( ) assigned to commands. (MicrosoftWordUser Guide) (1996/10/29 CNN) Microsoft Corp. announced a major restructuring Tuesday that creates two worldwideproduct groups and shuffles the top ranks of senior management. Under the fourthrealignment ..., the company will separate its consumer products from its business applications,creating a Platformsand Applicationsgroup and an Interactive Media group. ... Nathan Myhrvold,who also co-managed the Applicationsand Contentgroup,was named to the newlycreated positionofchieftechnologyofficer.

ROCLING-X - 2 -

What is Lexicon Acquisition (Chinese)

China Times 1997/7/26:

ROCLING-X - 3 -

Why Automatic Lexicon Acquisition

1. A large-scale electronic dictionary is important to many NLP applications

- machine translation,spoken language processing, spelling check, associated inputmethods 2. New(unknown)words &&compound words increase rapidly - varywithtime - varywithdomain 3. Prefer to lexicalize for easier: disambiguation (analysis), compositionality(generation) e.g., book (n, vi,vt)+ store (n, vt)<=>book store (n) e.g., green house ≠ ‘green’+ ‘house’

leftmouse button dialog: // box: ( ) // ⇔ 4. Human constructionis costly,timeconsumingand inconsistent 5. Electronictext is becomingwidelyavailable

ROCLING-X - 4 -

Precision-Recall Optimization Criteria

True Compound List Output List

Nww Nwx Nxw p = N_{ww} N_{ww} + N_{xw} = 1 1 + N_{xw}/N_{ww}

r = N_{ww} N_{ww} + N_{wx} = 1 1 + N_{wx}/N_{ww} 50

100 (Nw) 200 (N*w)

p=50/200 = 25% r=50/100=50%

p = Nww/(Nww+Nxw)= #correct_identification/ #output_words r = Nww/(Nww+Nwx)= #correct_identification/ #all_words (Nij:# ofclass-i n-grams whichare classifiedas class-j) (i,j=w- word//compound; x - non-word//non-compound) ⇒ TypicalJoint CriteriaforPrecision (p)and Recall(r)Maximization: WPR:Wp*p+Wr*r(weightedPrecision/Recall) [Wp,Wr:weights(Wp+Wr=1)] Aweightingsum ofprecisionand recall.

ROCLING-X - 5 -

F-metric(F-measure): F β( ) = β^2 + 1 ( )pr β^2p + r = pr pβ^2/ β^2 + 1 ( ) + r / β^2 + 1( ) Ametricthat appreciate a balance between precisionand recall. [Maximalat p=rifβ=1 and p+ris a constant.] (Prefer maximalproductofp and r fora givenweightedP/R)

ROCLING-X - 6 -

General Scheme in English Compound Extraction

Microsoft Word Word User User Manual

Microsoft Word User Manual

Frequency (Feature)

Compound

Non-Compound f freq|C ( ) f freq|C( )

f_0 (Threshold)

Filtering Approaches

Threshold-1 => Filter-1 <= Feature-1 Threshold-2 => Filter-2 <= Feature-2 ....

Threshold-n => Filter-n <= Feature-n

Word or Non-Word ??

Text

Filters or Classifier

N-gram Candidates

Freq ≥ f_0? MI ≥ m_0? Dice ≥ d_0?

Two-Class Classification Problem

ROCLING-X - 7 -

General Problems in Lexicon Acquisition

Use simplefilteringapproaches and heuristicthresholds inextracting lexiconentries mostly based on step-by-step filteringapproaches whichfilterout inappropriatecandidates withone feature per step

Freq ≥ f_0? MI ≥ m_0? Dice ≥ d_0?

thresholds are determined by trial-and-error no unifiedmethod forintegratingvarious features jointly - features are used independent ofone another - no automaticmethod foridentifyingthe best feature set

Freq, MI, Dice ( ) ∈ ω_c?

ROCLING-X - 8 -

Precision-Recall Maximization Problems

Feature

Compound

Non-Compound f freq|C ( ) f freq|C( )

Threshold

Type I Error (∝ Nwx) (Compound -> non-Compound)

Type II Error (∝ Nxw) (non-Compound -> Compound)

Precision and Recallcannot be tuned inan appropriate manner precisionand recallare nonlinearfunctionsoferror counts adaptation to maximize different joint P/R preferences (such as F-metric)indifferenttasks had not been addressed precisionand recallcannot be improvedat the same time importantthresholds forfeatures are determined arbitrarily

ROCLING-X - 9 -

Two-Stage P-R Maximization

Whytwostages?

Nosimpleanalyticaldecisionrules that are capable ofachievingany user-specified criterionfunctionofprecisionand recall - precisionand recallare nonlinearfunctionsoferror counts Whichtwostages?

minimizeclassificationerror: p =^{− 1} 1 + n_{xw}/n_{ww} ( ) ; r =^{− 1} 1 + n_{wx}/n_{ww} ( ) reduce errorrate (Nwx+Nxw)generallyimproveP, R and other joint functions(Note:MaximizeFM==Minimize n wx + n xw( )/n ww) maximizeprecision-recall:

Minerror classification≠ MaxPRclassification

ROCLING-X - 10 -

Howto?

minimumerrorclassification:better features, better models forjointly combiningallfeatures, better estimation

Freq, MI, Dice ( ) ∈ ω_c? maximizeprecision-recall:by parameter learning(nonlinear!!)

ROCLING-X - 11 -

MinErrClassifier+MaxPR Learning Approach

Λ = Λ_c,Λ_c { }

Text Corpus n-grams

Compound Dictionary

Parameter Estimator (VQ) Minimum Error Classifier

Classifier Parameters for Compound/non-Compound Classes

Feature Value Estimation

word list

Feature Vector for Compounds/non-Compounds x

Precision- Recall Optimization g_e^∗ x;Λ( ) ≥ 0? μ_{MI,C} t + 1 ( ) = μ_{MI,C} t( ) − ε t( ) ∂R ∂μ_{MI,C} / ∇ R x f MI Microsoft Word 12 2.3 User Manual 14 3.5 ... ... ... μ_c 13 2.9 σ_c^2 ... ...

consult Microsoft 2 0.6 Word User 8 1.4 ... ... ... μ_c 5 1.0 σ_c^2 ... ...

Please consult Microsoft Word User Manual for ...

Figure 1 Supervised Training of Classifier Parameters for English Compound Extraction

ROCLING-X - 12 -

General Problems in Classifier Design

Joint Multiple Features

Feature Selection

Parts of speech

Feature set

Feature Correlation

Independent Model

Nonlinear Parameter Learning

Integration offeatures

Maximize Precision -Recall

Minimize Classification Errors

Better Performance Upper Bound

Designing Problems

ROCLING-X - 13 -

General Problems in Classifier Design

Feature Extraction:(willnot be addressed) extract most discriminativefeatures forthe task Better Feature Set:

includinghighlevelfeatures such as parts ofspeech AutomaticFeature Selection:

adopt a unified feature selection mechanism for all available features so that (1) complementary features are used jointly, instead of being applied independently, and (2) the most appropriate features are selected automatically and less discriminativeor redundant features are rejected

ROCLING-X - 14 -

General Problems in Classifier Design (cont.)

ClassifierDesign:

design appropriate decision rules for qualifyingword candidates using knownfeatures jointly Parameter Estimation:

estimate statistical parameters for the classifier to fit particular estimationcriteria(e.g., maximumlikelihoodestimation) Performance Maximization:

adjust statistical parameters to maximize desired performance criteria(e.g., a jointprecision-recallperformance such as F-metric)

ROCLING-X - 15 -

MinErrClassifier: Two-Class Classifier for Identifying New Words or Compound Words

Input:n-grams (n-wordcompounds, n-character words)inthe text corpus Output:assign a class label ("word"or "non-word")to each n-gram Classifier:a log-likelihoodratio(LLR)tester (minimumerror classifier)

g x( ) = LLR x( ) = log f x W( )P W( ) f x W( )P W( ) DecisionRules: cla ss w( ) = + w wor d ( ) − w non − wor d ( ) if LLR •( ) ≥ λ_0 if LLR •( ) < λ_0 { Advantage: ensure minimum classification error (with λ_0 =0) if the distributionsare known.

ROCLING-X - 16 -

Features for the Classifier

NormalizedFrequency f x( ) = freq/avrg_freq: a character n-gram, x, is likelyto be a wordifitappears more frequentlythan the average.

MutualInformation:characters x and y with high mutual information tend to have highassociation [Church90] I x,y( ) = log P x,y( ) P x( ) × P y( ) Entropy: random distribution of the left/right neighbors (C_i) of an n-gramx impliesa natural break at the n-gramboundary [Tung94]: H x( ) = − ∑_{ci} P c_i;x( )logP c_i;x( ) Dice:similarto mutualinformationwithnon-occurringevents (x=0,y=0) ignored[Smadja 96]: D x,y( ) = P x = 1,y = 1 ( ) 1 2 P x = 1 ( ) + P y = 1( ) [ ] ROCLING-X - 17 -

Features for the Classifier (cont.)

Part-ofSpeech Discrimination:

D_{pos} x_i; P_{ij}{ }, P_j{ } ( ) = ∑_j P ij log

P_{ij} P_j P_{ij} ≡ P j|w_i( ), P_j ≡ P j( ) Ann-gram,Xi,is likelytobe a wordifitsparts-of-speech ( )distribution is "close to" the parts-of-speech distributionof the n-grams in the word-class, where closeness is measured in terms of the discriminationbetween twoprobabilitydistributions.

Pij:probabilityforXito be tagged withpart-of-speech pattern j (e.g., j= [nn]fora noun-noun compound word).

Pj: probabilityforany n-grams to be tagged withpart-of-speech pattern j.

ROCLING-X - 18 -

Baseline: Error Rate by Using One Feature

Training Set Testing Set Feature Dpos MI H NF D Dpos MI H NF D

2-gram Baseline

Recall 11.09 0.0 4.87 6.01 12.33 8.07 0.0 1.35 2.69 36.77 Precision 100.0 * 30.92 30.69 37.07 100.0 * 23.08 33.33 57.75 Error Rate 11.03 12.41 13.15 13.34 13.47 21.20 23.06 23.78 23.68 20.79 WPR(1:1) 55.54 * 17.90 18.35 24.70 54.03 * 12.22 18.01 47.26 F-measure 19.97 * 8.41 10.05 18.50 14.93 * 2.55 4.98 44.93 Feature Dpos MI H NF D Dpos MI H NF D

3-gram Baseline

Recall 0.0 0.0 13.99 10.20 7.58 0.0 0.0 12.07 3.45 39.66 Precision * * 42.11 22.58 25.49 * * 58.33 66.67 41.07 Error Rate 4.95 4.95 5.21 6.18 5.67 11.51 11.51 11.11 11.31 13.49 WPR(1:1) * * 28.05 16.39 16.54 * * 35.20 35.06 40.37 F-measure * * 21.00 14.05 11.69 * * 20.00 6.56 40.35

Table 1 Error Rate Performance Using only One Feature (*: undefined, i.e., all candidates are classified as non-compound.).

ROCLING-X - 19 -

Use Features Jointly and Select Discriminative Features Automatically for the Classifier

0. Initializecurrent feature set as empty. 1. Classifytrainingdata by jointly(*)using current feature set and one of the remaining features not in the current feature set. Try all the remaining features one-by-one, and include the feature that performsbest to the current feature set.

2. Stop includingnew features whenever the performance ofthe classifier begins to flatten or degrade due to the inclusionof redundant or contradictoryfeatures.

3. Use the selected features forlexiconacquisition. (*) ModelsforJointlyIntegratingFeatures:

IN:Independent NormalModel Mx:MixturesofGaussian DensityFunctions

ROCLING-X - 20 -

Error Rate by Using Independent Normal Model with Feature Selection for Joint Consideration

Training Set Testing Set Feature Sequence Dpos H MI NF D Dpos H MI NF D

2-gram

Recall 11.09 40.41 54.61 35.34 31.30 8.07 35.43 60.54 33.63 50.67 Precision 100.0 88.04 77.39 71.04 49.67 100.0 89.77 92.47 82.42 66.47 Error Rate 11.03 8.07 7.61 9.81 12.46 21.20 15.82 10.24 16.96 17.27 WPR(1:1) 55.54 64.23 66.00 53.19 40.49 54.04 62.60 76.51 58.03 58.57 F-measure 19.97 55.39 64.03 47.20 38.40 14.93 50.81 73.17 47.77 57.50 Feature Sequence Dpos MI H D NF Dpos MI H D NF

3-gram

Recall 0.0 14.29 33.53 29.45 26.24 0.0 17.24 44.83 56.90 48.28 Precision * 100.0 70.99 46.98 33.83 * 100.0 86.67 49.25 47.46 Error Rate 4.95 4.24 3.97 5.14 6.19 11.51 9.52 7.14 11.71 12.10 WPR(1:1) * 57.15 52.26 38.22 30.04 * 58.62 65.75 53.08 47.87 F-measure * 25.01 45.55 36.20 29.56 * 29.41 59.09 52.80 47.86

Table 2 Error rate performances of the independent normal model.

ROCLING-X - 21 -

Joint Consideration of the Features by Considering Feature Correlation

0. Why?

- Features are not reallyindependent (have correlation) - Features are not reallynormallydistributed(use mixtures)

Independent Features Correlated Features

f x_1,x_2 ( ) f x_1,x_2( )

f x_1( ) f x_1( ) f x_2( ) f x_2( )

Mixtureofdensity functions Normalapproximation

ROCLING-X - 22 -

1. Model the distributions of the features with a k-mixture Gaussian Density Functions to take correlations among features into consideration. [k is to be determined automaticallyin the feature selection mechanism.]

f x|Λ( ) ≡ ∑^K_{i = 1}r_i ⋅N x;μ_i,Σ_i( ), ∑^K_{i = 1}r_i = 1 N x;μ,Σ ( ) =^{− D/2} 2π( )^{− 1/2}Σ exp − 1 2 T x − μ ( ) Σ^{− 1} x − μ ( ) 2. Estimate the parameters of the feature distributionsusing a clustering algorithmto maximizethe likelihoodofthe inputfeature vectors.

ROCLING-X - 23 -

Fixing Kthroughout Feature Selection Process

Training Set Testing Set Feature Sequence Dpos H MI NF D Dpos H MI NF D

2-gram

Recall 69.84 71.50 71.61 50.67 51.71 69.06 71.30 69.96 67.26 47.09 Precision 100.0 97.87 88.93 62.93 45.53 100.0 95.78 93.41 80.65 52.24 Error Rate 3.74 3.73 4.63 9.82 13.67 7.14 7.34 8.07 11.27 22.13 WPR(1:1) 84.92 84.69 80.27 56.80 48.62 84.53 83.54 81.68 73.95 49.66 F-measure 82.24 82.63 79.34 56.14 48.42 81.70 81.75 80.00 73.34 49.53

Table 3 The Best Bigram Performance of the Minimum Error Rate Classifier Using a 2-Mixture Multivariate Normal Density Function (K=2).

Feature Sequence Dpos H MI D NF Dpos H MI D NF

3-gram

Recall 63.27 68.22 67.06 51.90 54.23 75.86 74.14 74.14 36.21 37.93 Precision 100.0 95.12 90.91 80.91 39.08 100.0 97.73 95.56 95.45 41.51 Error Rate 1.82 1.75 1.96 2.99 6.45 2.78 3.17 3.37 7.54 13.29 WPR(1:1) 81.63 81.67 78.98 66.40 46.65 87.93 85.93 84.85 65.83 39.72 F-measure 77.50 79.45 77.18 63.24 45.43 86.27 84.32 83.50 52.50 39.64

Table 4 The Best Trigram Performance of the Minimum Error Rate Classifier Using a 3-Mixture Multivariate Normal Density Function (K=3).

ROCLING-X - 24 -

Comparison: Joint Consideration of the Features N Training Set Testing Set Model & Features P R E WPR FM P R E WPR FM

2 IN: Dpos+H 88.04 40.41 8.07 64.23 55.39 89.77 35.43 15.82 62.60 50.81 IN: Dpos+H+MI 77.39 54.61 7.61 66.00 64.03 92.47 60.54 10.24 76.51 73.17 Mx: Dpos+H (K=2) 97.87 71.50 3.73 84.69 82.63 95.78 71.30 7.34 83.54 81.75

3 IN: Dpos+MI 100.0 14.29 4.24 57.15 25.01 100.0 17.24 9.52 58.62 29.41 IN: Dpos+MI+H 70.99 33.53 3.97 52.26 45.55 86.67 44.83 7.14 65.75 59.09 Mx: Dpos+H (K=3) 95.12 68.22 1.75 81.67 79.45 97.73 74.14 3.17 85.93 84.32

Table 5 Comparison between Independent Normal (IN) Model and K-mixture Multivariate Normal (Mx) Model. (2: 2-gram, 3: 3-gram, P: Precision, R: Recall, E: Error Rate, WPR: Weighted Precision/Recall with equal weights, FM: F-measure.)

ROCLING-X - 25 -

Searching for the Best Number of Mixtures (K*)

Why? (1) As the number of features increases, K*,in general, willincrease rapidly

NumberofMixturesincreases rapidlywithfeature dimension

K^∗_1 = 2

K^∗_2 = 2

K^∗_{12} = 4

ROCLING-X - 26 -

Searching for the Best Number of Mixtures (K*)

(2) The estimationalgorithmcan onlyachieve localmaximumlikelihood - using a larger Kdoes not guarantee to reach better local maximumlikelihoodestimate than using a smaller K &even (global)maximumlikelihood≠> minimumerror rate =>using larger K≠> smaller error rate

ROCLING-X - 27 -

Searching for the Best Number of Mixtures (K*)

Training Set Testing Set Feature Sequence Dpos(2) H(2) MI(3) NF(3) D(1) Dpos H MI NF D

2-gram

Recall 69.84 71.50 72.12 67.05 32.12 69.06 71.30 70.40 65.92 44.39 Precision 100.0 97.87 90.74 83.70 56.78 100.0 95.78 94.01 93.63 68.28 Error Rate 3.74 3.73 4.37 5.71 11.45 7.14 7.34 7.86 8.89 17.58 WPR(1:1) 84.92 84.69 81.43 75.37 44.45 84.53 83.54 82.21 79.77 56.34 F-measure 82.24 82.63 80.37 74.46 41.03 81.70 81.75 80.51 77.37 53.80 Feature Sequence Dpos(3) H(3) MI(3) D(3) NF(1) Dpos H MI D NF

3-gram

Recall 63.27 68.22 67.06 51.90 24.49 75.86 74.14 74.14 36.21 44.83 Precision 100.0 95.12 90.91 80.91 33.60 100.0 97.73 95.56 95.45 48.15 Error Rate 1.82 1.75 1.96 2.99 6.13 2.78 3.17 3.37 7.54 11.90 WPR(1:1) 81.63 81.67 78.98 66.40 29.04 87.93 85.93 84.85 65.83 46.49 F-measure 77.51 79.45 77.19 63.24 28.34 86.27 84.32 83.50 52.50 46.43

Table 6 The Performance of the Minimum Error Rate Classifier Using Multivariate Normal Density Function up to 3 Mixtures (Kmax=3).

ROCLING-X - 28 -

Concluding Remarks

1. Variousassociation metricscan be used jointlyto rank wordcandidates by using a two-class classificationmodel,whichcouldminimizethe classificationerror.

2. Errorrate can be reduced (and precision-recallindirectlyimproved)by - includingmultiplefeatures jointly - examiningindependence assumptions - consideringfeature correlationinmodelingthe density function - underlyingdensity functionscan be better modeled withmixturesof Gaussian density functions (by searching for the best number of mixtures)

ROCLING-X - 29 -