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Abstract 

ൕಝᒭܛव೯ဲऱဲᣊΖรԫጟֱऄ੡๵ঞऄΔآጟֱऄቃྒྷࠟࠓٽᓵ֮ء

፿றխូ౏آנव೯ဲิګऱዌဲ๵৳Δ։ࠟګଡ׌૞ऱܒឰֱڤΚԫΕࠉ

ᅃآव೯ဲऱิګऱᣂ᝶ࠡࡳެڗ։ᣊΖԲΕࠉᅃآव೯ဲऱዌࡳެٽิګ

ࠡ։ᣊΖ 

ᣂ᝶ڗऄଈ٣ല೯ဲࠉ९৫։੡؄ิΖรԫิ੡ԲဲڗΕԿဲڗΕဲڗ؄Ε

նאڗՂऱဲნΖڇኙኔᎾ፿றऱᨠኘՀΔ࿇෼լဲٵ९ऱ೯ဲ࿨ዌઌฆΔ

ωࠟය๵ঞެנωΕψړψנಝᒭױဲڗΚԿڕࠏ९։ิΖဲࠉല፿றڼڂ

ψ֏ω๵ঞլ؆׼ຍࠟය๵ঞΔڶ޲ࠀव೯ဲآ९৫ऱה೯ဲऱဲᣊΔࠡࡳ

ᔞ࣍شԲڗ೯ဲΖ 

๵ঞऄऱรԲຝ։੡ࠉᅃዌࠡࡳެٽิګ։ᣊΖڇᨠኘآव೯ဲழΔ࿇෼ڶ

ຝ։آव೯ဲऱิٽৰࠠڶ๵৳Δݺଚ༉ലಝᒭ፿றխآव೯ဲऱิٽ೚ଡ

ូ౏Δ൓ࠩ԰ጟิٽΖڇԼڻኔ᧭խΔ๵ঞऄאױ๠෻ऱآव೯ဲؓ݁પ੡

23.19%Δෲྒྷإᒔऱֺࠏ੡ 91.67%Ζ 

ԲΕઌۿऄ੡شܓፖآव೯ဲઌۿऱࠏ՗ࠐቃྒྷآव೯ဲऱဲᣊΖઌۿऄ׌

૞شܓवጻፖխ؇ઔߒೃխ֮؁࿨ዌᖫᇷற஄ 1.0 ৫ྒྷۿ੡፿რፖဲᣊઌ܂
ၦऱՠࠠΖ៶طૠጩآव೯ဲፖբव೯ဲऱઌۿ৫ࠐቃྒྷآव೯ဲऱဲᣊΔ

 ՗ऱဲᣊΖࠏۿ৫່೏ऱઌۿव೯ဲऱဲᣊ੡ፖࠡઌآ
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2                མᐝᤲ࿛ 

ױ৫೏ऱᇩΔլႛۿΔૉઌဲۿऱऱઌބ༈ࢬऄۿઌ࣍ڇ๠ړऄऱۿઌشࠌ

৫೏ழΔۿቃྒྷ፿რፖ࿨ዌ։ᣊΖᅝࠟଡ᢯ნઌאױழՈٵቃྒྷဲᣊ։ᣊΔא

।قຍࠟଡ᢯ნऱဲᣊΕ፿რᣊፖ࿨ዌؘࡳઌۿΖڇԼڻኔ᧭խΔشࠌઌۿ

ऄቃྒྷ೯ဲऱإᒔ෷પ੡ 71.05иΖ 

๵ঞऄऱᚌរܒ࣍ڇឰإᒔ෷೏Δ౒រ੡ױ๠෻ऱآव೯ဲᑇၦૻڶΙઌۿ

ऄऱᚌរ੡אױ๠෻Օຝ։ऱآव೯ဲΔإ܀ᒔ෷լڕ๵ঞऄ೏Ζ່৵Δݺ

ଚ࿨ٽຍࠟጟ๠෻ֱऄࠐቃྒྷآव೯ဲऱ։ᣊΔലࠟଡֱऄٵழᚨ່ڇش৵

ऱྒྷᇢ፿றխΔ๵ঞऄऱإᒔ෷੡ 87.25%Δۖઌۿऄऱإᒔ෷੡ 65.04%Δࠟ
ထृ࿨ٽ৵ऱإᒔ෷੡ 70.80%Ζ 

In this paper we present a hybrid approach for automatic classification of Chinese 
unknown verbs. The first method of the hybrid approach utilizes a set of 
morphological rules summarized from the training data, i.e. the set of compound 
verbs extracted from Sinica corpus, to determine the category of an unknown 
compound verb. If the morphological rules are not applicable, then the 
instance-based categorization using the k-nearest neighbor method for the 
classification is employed. It was observed that some suffix morphemes are 
frequently occurred in compound verbs and also uniquely determine the syntactic 
categories of the resultant compound verbs. By processing and calculating the 
training data, 15 suffix rules with coverage over 2% and category prediction 
accuracy higher than 80% were derived. In addition to the above type of 
morphological rules, the reduplication rules are also useful for category prediction, 
such as some famous Chinese reduplication rules, like �“aa�” in two characters word, 
�“aab�”, �“abb�” and �“aab�” in three characters word etc. For instance,�“໘໘ಁ�”has the 
same category as �“໘ಁ,�” and �“ઔߒઔߒ�” has the same category as�“ઔߒ.�” As a 
result, nine reduplication patterns are generated. Experimenting on the training 
data, it is found that the overall accuracy of the morphological rule classifier is 
91.67% and its coverage is 23.19% only.  

Since the coverage of the morphological rule classifier is low, an instance-based 
categorization method is employed to taking care the uncovered cases. The 
instance-based categorization utilizes similar examples to predict the category of 
an unknown verb. The lexical similarity was measured by both the semantic 
similarity and syntactic similarity. The semantic similarity between two words is 
measured by the semantic distance of their HowNet definitions and the syntactic 
similarity is measured by the distance of their syntactic categories. The distance 
between two syntactic categories is their cosine measure of their grammatical 
feature vectors derived from the Sinica Treebank. The category of an unknown 
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verb is predicted as the same as the examples, which are most similar to the 
unknown verb according to the above criteria of the similarity. For testing on the 
training data, the optimal accuracy of instance-based categorization is 71.05%, 
when the similar examples are from unknown verbs and verbs in the dictionary 
(known verbs). 

Both the morphological rule classifier and the instance-based categorization have 
the advantages of not only predicting the syntactic categories of the unknown 
words but also recognizing their morphological structures and major semantic 
classes.  The advantage of the morphological rule classifier is its higher accuracy 
and for the instance-based categorization is its higher coverage. However, both of 
the methods have their own drawback; the former cannot be applied to most 
unknown verbs, but the latter suffers from low accuracy. For open test, 1000 
unknown verbs that are unseen in the training process were tested. The accuracy 
of the linguistic rule is 87.25%, and the instance-based categorization is 65.04%. 
Finally, the overall accuracy of the hybrid approach is 70.80%. 

1. ፃᓵ 

۞ྥ፿ߢ๠෻խૹ૞ऱޡᨏਢലխ֮֮ٙឰဲࠀॵဲףᣊᑑಖΙڇឰဲᑑಖऱመ࿓խᄎ

ሖࠩऱԫଡംᠲ੡آवဲऱڇژΖ෼۩ऱឰဲᑑಖߓอא᢯ࠢ੡ഗ៕᎖אዌဲऱ๵ঞಛ

ஒၞ۩ឰဲᑑಖΔڂ܀੡፿ߢऱ௽ࢤհԫψྤᒡጐऱ໌ທԺωΔྤऄᒡᜰڶࢬנऱ᢯ნΙ

ԫړءऱ᢯ࠢՈլᚨᇠྤַጐऱឩՕگࢬᙕऱ᢯ნΔ۶ڕڼڂᙃᢝ๠෻᢯ࠢխլڇژऱ

᢯ნ༉ګԱԫଡૹ૞ऱᓰᠲΖءᓵ֮ऱؾᑑݦܛඨ๠෻լڇژ᢯ࠢխऱآव೯ဲΖ 

1.1 ઔߒ೯ᖲፖؾᑑ 
ছԳኙآ࣍वဲऱ൶ಘૹរႃխဲټڇาؾऱᙃᎁՂΔิڕ៣ټΕԳټΕټچᙃᢝ࿛ [ޕ
஡࣑ 1993Δޕ஡࣑Εޕൗᡮፖຫॾݦ 1994࿛࿛]Ζႛڶ ChenΕBaiፖ Chen [1997] شܓ
ᒔ෷પ੡إवဲΔآऱಛஒ๠෻٤ຝऱ(suffix)ݠڗଈ(prefix)Εڗ 76%ΔۖݛࣔػΕຫ၌
ྥፖຫ܌೜ [1998] شࠌ ChenΕBaiፖ Chen [1997] נ༽ࢬऱֱऄΔشܓ٦ছ৵֮ऱಛஒ
ᇖൎࠐ ChenΕBaiፖ Chen [1997] ֱऄլߩհ๠Δലإᒔ෷༼೏۟ 83.83%Ζڇ೯ဲ։ᣊ
آڇඨݦ׊ࠀव೯ဲऱ։ᣊ๠෻ՂΔآڇ࣋ᓵ֮ല๠෻ૹ֨ءᒔ࿨࣠լ೏ऱൣउՀΔإ

 ୲ဲΖݮፖဲټव೯ဲऱֱऄ᠏ฝ๠෻آലຍጟ๠෻ࠐ

೯ဲլጥ۶֮ٚڇऄ෻ᓵխΔڇଳ࣫؁՗ழຟਢ່࣍ۯխ֨ऱຝ։Δૉ೯ဲ੡آव

ဲΔႨؘലᐙ᥼؁՗ଳ࣫ऱإᒔࢤΖ෼זዧ፿ऱ೯ဲ࿨ዌ᜗ᓤΔփຝ๵ঞᓤᠧΔૉྤߩ

ജऱ፿ߢಛஒ٤ྤݙऄܒឰࠡ։ᣊΔݺଚᎁ੡೯ဲ۞೯։ᣊઔ۟ߒվྤऄ༼೏إᒔ෷ऱ

ૹ૞଺ڂ੡೯ဲ᜗ᓤऱփຝ࿨ዌΖ 

ᑑ੡ല೯ဲ۞೯։ᣊࠩխઔೃဲ஄՛ิ [1993] ऱဲᣊਮዌՂΔ೯ဲऱဲؾଚऱݺ 
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ᣊ։ᣊڶ٥ 15ᣊΔࠀ܀ॺޢԫᣊຟࠠڶ༁ࢤسΖࠄڶᣊܑפڕ౨ဲԫ౳Δ᥆࣍৞ຨဲࢤ
ᣊΔ৞ຨဲࢤᣊ੡ᇠ։ᣊխऱ᢯ნլᄎᏺףΔۖڇխઔೃဲ஄՛ิऱ։ᣊխ 15ᣊխڶ 9
ᣊਢࠠڶ༁ࢤسऱ։ᣊΙຍ 9 ᣊ։ᣊխऱ೯ဲ᢯ნᄎᙟထ፿ற஄ऱᏺ९ۖᏺڍΔݺଚݦ
ඨലآव೯ဲ۞೯։ᣊࠩຍ 9ᣊ೯ဲ։ᣊխΔຍ 9ᣊ੡೯܂լ֗ढ೯ဲ(VA1)Ε೯֗܂ढ
೯ဲ(VC)Ε೯֗܂ढ೯ဲЀֱچᎏ፿(VCL)Ε೯܂ᠨᎏ೯ဲ(VD)Ε೯؁܂ᎏ೯ဲ(VE)Ε
։ᣊ೯ဲ(VG)Εणኪլ֗ढ೯ဲ(VH)Εणኪࠌ೯೯ဲ(VHC)Εणኪ֗ढ೯ဲ(VJ)Ζ 

1.2 ઔֱߒऄ 
वဲऱآ೜Εຫ၌ྥ [1997] ։࣫܌᢯ࠢխऱ᢯ნΖຫڇژᆠ੡լࡳवဲऱآᓵ֮խء
ጟᣊ੡ࠟጟΔรԫጟ੡৞ຨࢤΔຍԫᣊীឈྥڇᑇၦՂױ౨੡ྤᑇଡΔ܀ਢشױ๵ঞ፿

ऄ(Regular Expression)ࠐขسፖᙃᢝΔڕΚ۫ցԫ԰԰԰ڣ(ழၴ)ΕԫՏࠟۍԮԼԲ(ᑇ
๵ঞ፿ऄشवဲৰᣄآΔຍԫᣊऱࢤ࣋ΕԲԮԶԶԿԮ԰԰(ሽᇩ)࿛ΖรԲᣊঞ੡ၲ(ۯ
։࣫խઔೃؓᘝ፿றڇ ೜ [1998]܌Εຫ၌ྥፖຫݛࣔػ᥆ຍԫᣊΖܛဲٽ।ሒΔᓤࠐ
஄৵ូ౏آנवဲ׌૞ऱ։ᣊ੡ฃ፿ΕറဲټڶΕ૜ဲسΕᓤဲٽፖᑇڗীᓤဲٽΖ 

։੡ګګิࠄଚጠຍݺΔګۖٽ։ิګګՂऱิאଡࠟطΔဲٽव೯ဲຏൄ੡ᓤآ

ဲഗ (base)2Ζ᎓ցٚ [1968]ΕLiፖ Thompson [1981]ፖྏ[1988] ۃݪ ༼֗ዧ፿ऱᓤٽ
ΔࠟଡګψུωፖψᑅωຍࠟଡဲഗิطΚψུᑅωΔڕऱփຝ؁ऄ࿨ዌΙࡳ௽ڶࠠဲ

ဲഗհၴऱᣂএ੡೯ᎏ࿨ዌΖឈྥဲഗਢૻڶऱΔ܀ਢဲഗፖဲഗऱิٽᑇၦᡓՕΔڂ

 խΖࠢڗᙕၞگव೯ဲآऱڶࢬଚྤऄലݺԱګທڼ

ऱᣂ᝶ဲࡳ௽شܓឰ೯ဲऱ։ᣊΔ๵ঞऄܒࠐऄۿ๵ঞऄፖઌشܓଚݺᓵ֮խءڇ

ፖဲഗऱิࠐڤֱګቃྒྷآव೯ဲऱ։ᣊΖઌۿऄঞ༈آބव೯ဲऱઌဲۿΔૠጩآव

೯ဲፖઌဲۿհၴऱઌۿ৫Δ٦ലຍࠄઌࠉဲۿᅃဲᣊ։ิΖൕޢଡဲᣊᅝխנ࠷ Kଡ
ઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔ൓ࠩآव೯ဲࠩޢଡဲᣊऱؓ݁၏ᠦΔآ

व೯ဲऱဲᣊܛፖࠡ၏ᠦ່ઌ२ऱဲᣊΖ 

1.3 ፿ற։࣫ፖ๠෻ 
व೯ဲآΖଈ٣Δಘᓵైڂ౨ױव೯ဲဲᣊऱآෲྒྷױፖࢤव೯ဲऱ௽آտฯڼڇଚݺ

ऱ௽ࢤΖآव೯ဲ੡ᓤဲٽΔຏൄطᑇଡࠠڶ༁ࢤسऱဲഗګิࢬΔڶࠠߪء೏ຘࣔࢤΖ

                                                 
1 ೶ߠॵᙕԫ।௑ 12.խઔೃဲ஄՛ิဲᣊᑑಖ[1993]Ζ 
2 Sproatፖ Shih [1996] ጠփຝऱ๠෻໢ۯ㻽ဲ௅(root)ΔChenΕBaiፖ Chen [1997] ጠ๠෻ऱ໢ۯ
㻽ڗଈ(prefix)ፖݠڗ(suffix)Ζݺଚঞጠ๠෻໢ۯ㻽ဲഗ(base)Δࠀආش Katamba [1993:45] ኙဲ
ഗ(base)ࢬՀࡳᆠΚ�“�…a base is any unit whatsoever to which affixes of any kind can be added�….In 
other words, all roots are bases. Bases are called stems only in the context of inflectional 
morphology.�” ݺଚڼڇ๠ެဲشࠌࡳഗ㻽ݺଚ֊໊ऱ໢ۯऱ଺ဲ࣍ڇڂഗऱࡳᆠለဲ௅ 
(root)Εဲი (stem) ᐈᠾΖآव೯ဲ๯ݺଚឰဲߓอ֊։ࠐנৰڍ໢ۯΔݺଚࠀլᒔࡳຍࠄ໢
 Ζۯ։ऱ໢֊ࢬอߓ๯ឰဲڶࢬො።אױᆠࡳԫଡ່ᐈᠾऱشඨᙇݦଚݺڼڂऱრᆠΔإటۯ
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আωຍԫᣊऱݝ٨Ե᢯ࠢխऱψ᭗᭖ωΕψ࣍ᄅωፖψᝑᙑωઌኙޣव೯ဲψآΔڕࠏ

᢯ნڶࠠڍ፿რຘࣔࢤΔאױ׊ࠀൕࠡิګګ։ቃྒྷנᇠဲऱ፿რΖ 

व೯ဲऱ։ᣊΖԫΕ፿რΖ፿რઌ२ऱ᢯ნΔآቃྒྷױైڂԿଡڶଚᎁ੡ݺΔڻࠡ

ኙ܂ᆠဲဲࣥխऱ፿რᣊፖխઔೃဲ஄՛ิ [1993] ဲᣊٵଚലݺΖۿ᥆ऱဲᣊᚨᣊࢬ
ᚨΔխઔೃဲ஄՛ิဲᣊڶ 45ᣊΖؓ݁ࠐᎅΔٵᆠဲဲࣥԫଡ፿რᣊႛኙᚨࠩဲ஄՛ิ
1.97 ጟဲᣊΔܛԫଡ፿რᣊխऱ᢯ნપڶऱဲᣊᑇၦΖݺڼڂଚᎁ੡፿რࡉైڂ᢯ნऱ
ဲᣊڶയ֊ᣂᜤΖԲΕ࿨ዌΖ࿨ዌຏൄᄎૻګิࡳऱဲᣊΔૉ࿨ዌ੡�“VC+Na�”ऱآव೯
ဲΔຏൄᄎิګ VA ဲᣊΔڂ੡ڇຍଡآव೯ဲऱփຝ࿨ዌխբᆖנ෼Աԫଡཏຏဲټ
(Na)ࠐየߩছ૿ऱ೯֗܂ढ೯ဲ(VC)ࢬ૞ޣऱᓵցΔڇຍጟൣݮՀຏൄᄎګݮլ֗ढ೯
ဲΔݺڼڂଚᎁ੡࿨ዌᄎᐙ᥼ࠩ೯ဲऱဲᣊΖԿΕᣂ᝶ဲΖࠄڶᣂ᝶אױڗऴ൷ऱެࡳ

ᖞଡ೯ဲऱ։ᣊΔڕΚૉآव೯ဲऱ່৵ԫଡဲഗ੡ψ֏ωΔᇠآव೯ဲܛ੡ VHCᣊΖ
૨ഏψ֏ω੡ VHCᣊΖ 

 ᥆ऱဲᣊΖࢬव೯ဲآऱᒵ౉ቃྒྷנ༽ࢬՂ૪شܓଚݺᒧᓵ֮խءڇ

2. ֱऄፖ፿ற 

ܒ૞ऱ׌ଡࠟګ։ױऄΖ๵ঞऄۿ᥆։ᣊऱֱऄΚ๵ঞऄፖઌࢬឰ೯ဲܒጟࠟנ༽ଚݺ

ឰֱڤΖԫΕࠉᅃآव೯ဲऱิګऱᣂ᝶ࠡࡳެڗ։ᣊΔڕΚ૨ഏψ֏ω੡ VHC ᣊΖ
ԲΕࠉᅃآव೯ဲऱዌࠡࡳެٽิګ։ᣊΔψaabbωऱ᢯ნ੡णኪᣊΔڕΚؓؓᙩᙩΙ
ψababωิٽऱ᢯ნ੡೯܂ᣊΔڕΚᄷໂᄷໂΖۖઌۿऄऱ๠෻ֱऄ੡༈ބፖآव೯ဲ
ऱઌဲۿΔૠጩآव೯ဲፖࠡઌဲۿհၴऱઌۿ৫Δ٦ലຍࠄઌࠉဲۿᅃဲᣊ։ิΖൕ

נ࠷ଡဲᣊᅝխޢ KଡઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔ൓ࠩآव೯ဲࠩޢ
ଡဲᣊऱؓ݁၏ᠦΔآव೯ဲऱဲᣊܛፖࠡ၏ᠦ່ઌ२ऱဲᣊΖ 

๵ঞऄऱᚌរܒ࣍ڇឰإᒔ෷೏Δ౒រ੡ױ๠෻ऱآव೯ဲᑇၦૻڶΙઌۿऄऱᚌ

រ੡אױ๠෻Օຝ։ऱآव೯ဲΔإ܀ᒔ෷լڕ๵ঞऄ೏ΖءڇᆏխΔݺଚଈ٣տฯ๵

ঞऄΔ൷ထտฯઌۿऄΔ່৵࿨ٽຍࠟଡ๠෻ֱऄࠐቃྒྷآव೯ဲऱ։ᣊΖ 

נ࠷ࢼଚൕխઔೃؓᘝ፿ற஄խݺ 10443 ଡլڇژ᢯ࠢխऱآव೯ဲΔঅఎ 1000
ଡآव೯ဲ੡່৵ေ۷ߓءอऱྒྷᇢ፿றΖڇ๵ঞऄऱኔ᧭խΔլឰൕ 9443ଡಝᒭ፿ற
խૹᓤऱנ࠷ 1000ଡآव೯ဲေ۷๵ঞऄऱإᒔ෷ፖܶץ෷Ζۖ ऄᓳᖞֺૹऱኔۿઌڇ

᧭խΔ੡Աေ۷شࠌवጻૠጩ፿რઌۿ৫Δڼڂലᖑڶլ࣍ڇژवጻऱဲഗऱဲნܔೈΔ

ໍ 7535ଡΖໍ塒ऱ 7535ଡآव೯ဲ܂੡ઌۿऄऱಝᒭፖ৬ዌխऱྒྷᇢ፿றΔࠐشᓳᖞ
वጻᆠ଺ΕဲᣊΕ፿რ۾ࢬऱֺૹΖ 

3. ๵ঞऄ 

๵ঞऄױ։ࠟګଡ׌૞ऱܒឰֱڤΖԫΕࠉᅃآव೯ဲऱิګऱᣂ᝶ࠡࡳެڗ։ᣊΖԲΕ

נބ۶ൕ፿றխ༈ڕଚݺଚലտฯݺᆏխΔءڇ։ᣊΖࠡࡳެٽิګव೯ဲऱዌآᅃࠉ

ຍࠄ๵ঞΖ 
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3.1 ๵ঞಝᒭፖᨠኘ 
๵ঞऄࠟطଡܒឰֱऄิګΔࠉױᅃآव೯ဲऱิګऱᣂ᝶ࠡࡳެڗ։ᣊፖࠉᅃዌิګ

 ឰֱऄΖܒ։ᣊऱࠡࡳެڗऱᣂ᝶ګव೯ဲऱิآᅃࠉଚಘᓵݺ։ᣊΖଈ٣Δࠡࡳެٽ

ڗ।௑ 1Ζรԫิ੡Բߠ٣։੡؄ิΔ೶ٵᑇլڗᅃࠉଚലಝᒭ፿றխऱ೯ဲݺ
ဲΕรԲิ੡ԿဲڗΕรԿิ੡ဲڗ؄Εร؄ิ੡նאڗՂऱဲნΖࠉᅃڗᑇլٵ։ګ

؄ิऱ଺ݦ࣍ڇڂඨࠉᅃڗᑇ९࿍ऱլٵಝᒭנ๵৳ΖڕΚԿဲڗऱψړωΕψנωࠟ

ය๵ঞΔࠡה९৫ऱآव೯ဲڶ޲ࠀຍࠟය๵ঞΔψ֏ω๵ঞլᔞ࣍شԲڗ೯ဲ࿛࿛Ζ

 ౏Ζូګ೚ࢤᅃ፿றऱ௽ࠉඨݦ؄ิΔګଚല፿ற։ݺ

ଚូ౏๵ঞऱಛஒΔუ૞ൕಝᒭ፿ݺ܂ऱรԫଡဲഗፖรԲଡဲഗᅝဲڗଚലԲݺ

றխᨠኘᅝรԫଡဲഗࢨรԲଡဲഗנ෼ழΔ੡ਬଡဲᣊऱإᒔ෷ (Accuracy) ֟ڍڶፖ
ຍය๵ঞኙᇠဲᣊऱܶץ෷ (Coverage)3 ڍڶՕΖאรԫဲഗ੡ᣂ᝶ဲאױಝᒭࠐנԿ
Տڍۍ؄ය๵ঞΔאรԲဲഗ੡ᣂ᝶ဲಝᒭࠐנԿՏԿڍۍය๵ঞΔ܀ਢႛ؄ڶය๵ঞ

࣍෷Օܶץ 2%Δإᒔ෷೏࣍ 80%Ζ 

࣍ᒔ෷ؘႊ೏إࡳଚ๻ݺ 80%ፖܶץ෷ؘႊՕ࣍ 2%ਢנބቃྒྷဲᣊᄷᒔࢤለ೏ऱ
๵ঞΔڼڂലإᒔ෷ૡ೏Δፂ਍๵ঞऱֽؓΖૻܶץࡳ෷ؘႊՕ࣍ 2%ऱ଺ڂΔݺଚլ
ᒔ෷੡إຍය๵ঞऱࠌ՗ऱ๵ঞΔ᜕ࠏ๠෻ԫଡאױႛנބඨݦ 100%Δຍය๵ঞՈլ
෷੡ܶץԱࡳଚ༉๻ݺΖ່৵ࢤ।זࠠ 2%ΖڇԲڗ೯ဲऱ๵ঞಝᒭຝ։ݺଚ༉অఎຍ 4
ය๵ঞ೚੡ݺଚ೯ဲ۞೯։ᣊխऱ๵ঞΖ 

รԲิ੡Կڗ೯ဲΖലᆖመփຝឰဲऱԿဲڗऱรԫଡဲഗፖ່৵ԫଡဲഗஞࠐᅝ

෼ழΔנᎅຟਢԫය๵ঞΔᨠኘᇠဲഗࠐଚݺऱဲഗኙٵԫଡլޢଚូ౏๵ঞऱಛஒΔݺ

ኙဲᣊᙃᢝऱإᒔ෷ፖኙᇠဲᣊऱܶץ෷ΖڇԿڗ೯ဲ່৵ԫଡဲഗխΔݺଚូ౏נ

1454 ය๵ঞΔ੡Ա൳ࠫ๵ঞऱ঴ᔆΔݺଚૡޢمය๵ঞऱܶץ෷ؘႊ၌መ 2%Δإᒔ෷
೏መࡳؘ 80%ऱૻࠫΔᆖመᗴᙇ৵ႛໍ 9ය๵ঞΖ 

รԿิ੡ဲڗ؄Ζݺଚಝᒭࠐנऱဲڗ؄ऱ๵ঞႛڶԫය๵ঞฤܶץٽ෷೏࣍ 2%Δ
࣍ᒔ෷೏إ 80%ऱૻࠫΖร؄ิ੡նאဲڗՂΔಝᒭࠐנऱնאဲڗՂհ๵ঞՈႛڶԫ
ය๵ঞฤݺٽଚኙܶץ෷೏࣍ 2%Δإᒔ෷೏࣍ 80%ऱૻࠫΖ່৵Δݺଚشࠌ।௑ 1 խ
 ೚੡๵ঞऄรԫຝٝऱ๵ঞΖڗऱᣂ᝶נ٨ࢬ

 

 

 

                                                 
3 ૠጩܶץ෷ፖإᒔ෷ऱֆࡳڤᆠڕՀΚ 
෷(৵ဲഗ੡ဲᣊܶץ i,ဲᣊ i)=Freq(৵ဲഗ੡ဲᣊ i)/Freq(ဲᣊ i) 
ᒔ෷(৵ဲഗ੡ဲᣊإ i,৵ဲഗ)=Freq(৵ဲഗ੡ဲᣊ i)/Freq(৵ဲഗ) 
i={VAΕVCΕVCLΕVDΕVEΕVGΕVHΕVHCΕVJ} 
 ᆠΖࡳᓮ೶ᅃᇠᆏऱ,ٵଡ՛ᆏլጐઌޢᆠࡳᒔ෷ऱإ෷ፖܶץ֮ء
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।௑ 1. ๵ঞऄհᣂ᝶ڗ 

ӷՍࡋߏ നࡕ΋ঁຒ୷ ຒᜪ ҅ዴ౗ х֖౗ 

Βӷຒ ๏ VD 91.0% 19.7% 

Βӷຒ ϒ VD 83.3% 4.8% 

Βӷຒ ࣁ VG 88.7% 22.0% 

Βӷຒ ԋ VG 84.3% 36.5% 

Οӷຒ ӳ VC 83.6% 5.9% 

Οӷຒ р VC 81.5% 22.7% 

Οӷຒ ๏ VD 92.0% 82.4% 

Οӷຒ ϒ VD 100% 2.4% 

Οӷຒ ࣁ VG 98.6% 52.1% 

Οӷຒ ԋ VG 100% 40.0% 

Οӷຒ ϯ VHC 95.3% 94.4% 

Οӷຒ Ԗ VJ 90.0% 13.5% 

Οӷຒ ܭ VJ 82.2% 20.3% 

Ѥӷຒ ϯ VHC 88.9% 76.1% 

ϖӷຒа΢ ϯ VHC 100% 100% 

 ๵ঞऄऱรԲຝ։੡ࠉᅃዌࠡࡳެٽิګ։ᣊΖڇᨠኘآव೯ဲழΔ࿇෼ڶຝ։آ
व೯ဲऱิٽৰࠠڶ๵৳Ζ।௑ 2ਢݺଚᨠኘಝᒭ፿ற৵೚נऱូ౏Δא aፖ bז।آ
व೯ဲऱփຝဲഗΖڇԲဲڗຝ։Δڶૹᦤऱ᢯ნΰaaαΔݺଚᨠኘࠩԲဲڗૹᦤऱ᢯
ნऱဲᣊፖ໢ဲڗઌٵΔܛ aaآव೯ဲऱဲᣊ੡ aऱဲᣊΔ܀ਢՈ֟ڶᑇࠏ؆ΔڕΚٍ
ٍΕࡳࡳ࿛Ζ 

 Կဲڗऱዌڶٽิګ abbΕaaaΕaab ፖ aba؄ጟΔڇຍ؄ጟൣउՀΔݺଚᨠኘࠩૉ
ab଺ࠐ༉ਢԫଡ᢯ნΔຍᇠآव೯ဲऱဲᣊፖ abऱဲᣊઌٵΖૉ abլࠢڗ࣍ڇژխΔ
࿨ዌ੡ aabऱᇩΔෲྒྷᇠآवဲ੡ VAᣊΖaab࿨ዌऱآव೯ဲڶຝ։ڍ੡೯ᎏ࿨ዌΔ೯
ᎏ࿨ዌऱ೯ဲຝ։ΔشࠌאױຍጟૹᓤᑓګิڤԿڗऱ೯ဲΖۖ abb ࿨ዌऱآव೯ဲΔ
ૉ abլࠢڗ࣍ڇژᅝխΔႜٻෲྒྷᇠآवဲ VHᣊΖaba࿨ዌऱآव೯ဲΔঞෲྒྷᖞଡ
व೯ဲऱဲᣊፖآ aऱဲᣊઌٵΖaaa࿨ዌऱآव೯ဲΔෲྒྷآव೯ဲऱဲᣊፖ aဲഗઌ
 Ζٵ

ڶٽิګ೯ဲऱዌڗ؄  aabbΕababΕaXaY ፖ XbYbΖaabb ऱآव೯ဲ։ᣊፖ ab ઌ
Δૉٵ abլڇژ᢯ნऱᇩΔෲྒྷ੡ VHᣊΔababऱآव೯ဲ։ᣊፖ abઌٵΔૉ abլژ
ழΔෲྒྷ੡ڇ VAᣊΖ 
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ଚኙ፿றऱᨠኘ࿇෼ݺᖕࠉ೯ဲՕຝ։੡լ֗ढΔڗ؄  aabb ऱՕຝ։੡णኪᣊΔ
abab ऱ࿨ዌՕຝ։੡೯܂ᣊΔڼڂᅝ ab լ੡ԫ᢯ნΔဲڶ޲ᣊழΔঞෲྒྷ abab ੡ VA
ᣊΖaXaY ऱ࿨ዌխ༉ጩ a ଺੡֗ढ೯ဲΔ܀ਢڇຍጟ࿨ዌՀ aXaY ༉ิګլ֗ढ೯ဲΔ
ۖլ֗ढ೯ဲऱ೯ࢨ܂णኪ௽ࢤঞࠉᅃ Xፖ Yຍࠟଡᣂ᝶آࡳެࠐڗव೯ဲᚨᇠणኪᣊ
ᣊऱլ֗ढ೯ဲΖXbYb܂೯ࢨ ऱဲᣊፖ b ઌٵΔڂ੡ຍ㠪ऱ X ፖ Y ੡ଥ堸፿Δଥ堸ڍ
૞೯ဲ׌ bΖ 

।௑ 2. ๵ঞऄհิٽ๵৳ 

ᄬԋಔӝ ٯη 

aa ԏԏǵ՜՜ǵբբǵׯׯǵــǵۺۺǵ܏܏ǵވވǵ࡚  ࡚

abb εാാǵЈੌੌǵқਗਗǵқහහǵϨЃЃǵԝ؇؇ǵԝᙋᙋǵԪኔኔǵՈ

 ǵՈጋጋǵհහහǵհለለݨݨ

aba ӳόӳǵזόזǵܘ΋ܘǵު٠ުǵ୼ό୼ǵฯόฯǵᇻόᇻ 

aab λλᖂǵࡪࡪነǵࢱࢱဌǵࢱࢱᐙǵࢱࢱᖍǵࢎ֐֐ǵ׬׬᝚ǵസസૡǵݰݰН 

aaa ჹჹჹǵቋቋቋǵಚಚಚ 

aabb ΦΦߏߏǵεεББǵππ᏾᏾ǵϩϩӝӝǵϪϪപപǵϪϪჴჴǵϸϸᙟᙟǵ

ϼϼѳѳǵЈЈۺۺǵЌЌჴჴǵЎЎᓉᓉǵББ҅҅ǵТТᘐᘐǵввಒಒǵ

ррΕΕ 

abab ڥ֎ڥ֎ǵوھوھǵר܎ר܎ǵ፞ݒ፞ݒǵڗݾڗݾǵࡨ཮ࡨ཮ǵࡰᗺࡰᗺǵ

ǵ਑౛਑౛ǵ੃ϯ੃ϯǵ૸ፕ૸ፕǵୖزࣴزࣴ ԵୖԵǵୖᢀୖᢀǵ୘ໆ୘ໆǵ

௨ှ௨ှǵ௲૽௲૽ǵೕჄೕჄǵമ୏മ୏ǵ෣ӝ෣ӝǵෳᡍෳᡍ 

aXaY ӞٰӞѐǵԆ຾ԆрǵՍٰՍѐǵ֐ٰ֐ѐǵסٰסѐǵפٰפѐǵרٰרѐǵ

۳ǵޔٰޔѐǵވٰވѐǵݾٰݾΠǵݽ΢ݽѐǵܙٰܙѐǵ܎ٰ܎ѐǵׯٰׯ

 ѐǵٰ࣮࣮ѐǵऀٰऀѐǵᡣٰᡣѐǵᢕٰᢕѐǵ⷟ٰ⷟ѐࡷٰࡷѐǵࡩٰࡩ

XbYb Ѱ฻ѓ฻ǵӳᇥИᇥǵεआ੝आǵѰགྷѓགྷǵѰᖴѓᖴǵܿາՋາǵ΋࣮ӆ  ࣮

3.2 ๵ঞऄေၦ 
ऱנ࠷ࢼଚൕխઔೃؓᘝ፿ற஄խݺ 9443ଡಝᒭ፿றխ֘៿Լ࠷ࢼڻ 1000ଡآव೯ဲ
व೯ဲપ੡آ๠෻ऱאױ੡๵ঞऄऱྒྷᇢ፿றΔ܂ 23.19%Δෲྒྷإᒔऱֺࠏ੡ 91.67%Ζ 

 ๵ঞ๠෻ऱ፿றشࠌאױ/ᒔऱ೯ဲᑇၦإᒔ෷=ෲྒྷإ

 ٤ຝऱྒྷᇢ፿ற/๵ঞ๠෻ऱ፿றشࠌאױ=෷ܶץ
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।௑ 3. ๵ঞऄኔ᧭ေ۷ 

ෳ၂ ҅ዴ౗ х֖౗ 

1 89.52% 24.80% 

2 91.38% 23.20% 

3 93.61% 21.90% 

4 91.42% 23.30% 

5 89.91% 22.80% 

6 92.12% 24.10% 

7 89.75% 24.40% 

8 93.83% 22.70% 

9 91.98% 21.20% 

10 93.19% 23.50% 

ѳ֡ 91.67% 23.19% 

4. ઌۿऄ 

ຍᆏݺଚᎅࣔشࠌ۶ڕઌۿऄࠐቃྒྷ೯ဲऱ։ᣊΖآव೯ဲऱ௽ࢤհԫ੡ิګګ։᥆࣍

ଚথݺ܀᢯ࠢխ਷ᇬࠩΔڇΖຍࠟଡ᢯ნຟྤऄݙΕᝑٱΚᇢڕࠏ፿რࣔᒔΔ׊ဲشൄ

ৰ堚ᄑऱאױൕ૿ڗՂ൓वຍࠟଡ೯ဲऱ፿რΔۖ׊ຍᑌऱิڤֱٽਢॺൄࠠڶ༁ࢤس

ऱΔאױᤉᥛ༁سψഀݙωΕψᎅݙω࿛࿛ٺᑌऱ᢯ნΖ 

௅ᖕݺଚኙآव೯ဲ፿றऱᨠኘΔآव೯ဲऱิګឈྥڶԫࡳऱᑓڤΔڂ܀੡፿ߢ

ऱᓤᠧ৫Δྤऄലڶࢬऱ๵ঞයࠐנ٨ΖݺڼڂଚڇຍᢰشࠌઌۿऄΔലಝᒭ፿றխऱ

ऱ೯ဲ೚ֺለΔྒྷڶࢬ෼ழΔലࠡፖנव೯ဲآᄅऱڶਢԫය๵ঞΔᅝ܂ଡ೯ဲຟᅝޢ

ၦᄅऱآव೯ဲፖಝᒭ፿றխऱ೯ဲऱઌۿ৫Δᄅऱآव೯ဲፖಝᒭ፿றխऱ೯ဲ။ઌ

ωݙΖૉψᝑݙፖഀݙΚᝑڕࠏ೯ဲऱဲᣊΖۿፖࠡઌ࣍౨᥆ױڶव೯ဲ။آழΔᄅऱۿ

։ፖಝګګव೯ဲऱรԲଡิآव೯ဲΖآଚऱݺω੡ݙଚಝᒭ፿றխऱ೯ဲΔψഀݺ

ᒭ፿றխऱࠏ՗ઌٵຟ੡ψݙωΔݺڼڂଚႛᏁ૞൓वψᝑωፖψഀωऱઌۿ৫Δૉψᝑω

ፖψഀω։᥆ऱဲᣊઌۿ৫೏Δঞ।قψᝑωፖψഀωऱ࿨ዌᣊۿΙૉψᝑωፖψഀω

ऱ፿რઌۿ࿓৫೏ऱᇩΔঞψഀݙωऱ೯ဲ։ᣊঞৰױ౨ፖψᝑݙωઌٵΖ 

ቃྒྷאױ৫೏ऱᇩΔլႛۿΔૉઌဲۿऱऱઌބ༈ࢬऄۿઌ࣍ڇ๠ړऄऱۿઌشࠌ

ဲᣊ։ᣊΔٵழՈאױቃྒྷ፿რፖ࿨ዌ։ᣊΖᅝࠟଡ᢯ნઌۿ৫೏ழΔ।قຍࠟଡ᢯ნ

ऱဲᣊΕ፿რᣊፖ࿨ዌؘࡳઌۿΖ 

ፖ࠷ऱᙇဲۿᎅࣔઌࠐ৫ऱྒྷၦֱऄΔ൷Հۿᆏխଈ٣տฯ፿რፖဲᣊઌءڇଚݺ

 व೯ဲဲᣊऱቃྒྷΖآ
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4.2 ઌۿ৫ྒྷၦ 
ۿೃխ֮؁࿨ዌᖫྒྷၦဲᣊઌߒ੡፿რྒྷၦऱՠࠠΔխ؇ઔ܂वጻشࠌଚݺխ֮ءڇ

৫ΔտฯڕՀΖ 

ԫΕवጻ੡ԫᠨ፿(խ֮Ε૎֮)ऱवᢝࢤ᢯ࠢΔطᇀ஡ࣟፖᇀൎᒳᐷگګݙᙕપԼ
ԫᆄයဲයΔवጻߓอխڶܶץխ૎ᠨ፿वᢝ᢯ࠢΕխ֮១᧯वᢝ᢯ࠢΕխ֮᜗᧯वᢝ

᢯ࠢΕᄗ࢚௽ᐛΕ೯ኪۥߡፖ᥆ࢤΕဲᣊ।Ε֘ᆠᣂএ।Εኙᆠᣂএ।Εᑑقฤᇆፖᎅ

ࣔΕवጻጥ෻࿓ڤ࿛Ζݺଚءڇᆏᅝխലտฯشࠌ۶ڕवጻૠጩ፿რઌۿ৫ፖေၦֱऄΖ 

ԲΕխ؇ઔߒೃխ֮؁࿨ዌᖫᇷற஄ 1.0 խܶץԱԼଡᚾூΔԿᆄԶՏԮۍԲԼն
ལխ֮࿨ዌᖫΔܶڶԲԼԿᆄ԰ՏնۍԿԼԲଡဲნΔޢԫ؁࿨ዌᖫΔᑑقዧ፿؁ऄፖ

፿რಛஒΔဲᣊᑑಖፖឰဲᑑಖߓอ؄ԼնଡᑑಖΔ࿨ዌᖫխऱᑑಖਢ؄طԼնଡᑑಖ

า։ۖګΖءڇᆏխݺଚشܓխઔೃխ֮؁࿨ዌᖫྒྷၦဲᣊऱઌۿ৫Ζ 

4.3 ፿რઌۿ৫ྒྷၦ 
वጻપᙇشԱԫՏնڍۍଡᆠ଺ࡳࠐᆠխ૎ᠨ፿वᢝ᢯ࠢխऱޢଡဲΔ׊ࠀ৬ڶ༴૪ٺ

ଡᆠ଺հၴऱᣂএऱ։ᣊᖫΖڕࠏΚψᦰ஼ωԫဲطψൕࠃωΕψᖂωፖψඒߛωԿଡ

ᆠ଺ࡳᆠۖګΔवጻխڶࠀ։ᣊᖫ।قψൕࠃωΕψᖂωፖψඒߛωԿଡᆠ଺հၴऱᣂ

এΖ 

ԫ౳ࠐᎅΔԫଡဲڇवጻխױ౨ᖑڍڶଡဲයΔ଺࣍ڇڂ᢯ნऱڍᆠࢤΔݺڼڂଚ

 ৫Ζۿ᥆ऱဲයၴ່Օઌٺଡဲࠟ࣍৫ઌ࿛ۿᆠࠟଡဲWord1,Word2ၴऱઌࡳຍᢰڇ

y2x1
,

21 EntryWord,EntryWordoreEntrySimSc maxWord,WordcoreHowNetSimS
yx

 

ωΕψᖂωࠃψൕطψᦰ஼ωԫဲڕΔګᆠۖࡳԫࠩԶଡᆠ଺ط౨ױԫଡဲයޢΔڻࠡ

ፖψඒߛωԿଡᆠ଺ࡳᆠۖګΔڇवጻᑑಖᆠ଺ऱ๵ঞխΔဲڇයऱࡳڶࢬᆠᆠ଺խΔ

รԫଡᆠ଺ԫࡳਢ׌૞რᆠ։ᣊΔګݮᄗၴ࢚ऱՂՀۯᣂএ(is-a relation)ΔรԲଡא৵ऱ
ᆠ଺੡ڻ૞೴։Δፖ᢯ნհၴऱᣂএ༉լᒔࡳΔࠉᅃवጻᑑಖެࡳΖૠጩࠟଡဲයၴઌ

ڂ૞ᆠ଺։ၲૠጩΖڻ૞ᆠ଺ፖᖞଡ᢯ნհၴऱᣂএԼ։ૹ૞Δؘႊፖࠡ،ऱ׌৫ழۿ

 ڼ

 

 

my,y,2nx,x,22

y,1x,11

y2x1

...SemSem,...SemSemcoreSecondaryS*w
SemSemrePrimarySco*w

EntryWord,EntryWordoreEntrySimSc
 

 वጻխڶ༴૪ᆠ଺ፖᆠ଺հၴऱၸᐋᣂএऱ։ᣊᖫΔݺଚشܓຍଡ༴૪ᆠ଺ᣂএऱ
։ᣊᖫࠐᚥݺܗଚૠጩᆠ଺ၴऱઌۿ৫Ζຫ܌೜֗ຫ၌ྥ [1997:270] ᎁ੡ࠟଡ፿რᣊऱ
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ઌۿ৫ࠟ࣍ڇଡ፿რᣊڇ։ᣊᖫٌႃᆏរऱ፿რಛஒၦ (Information Content)Δലᖞଡဲ
։ᣊਮዌ (System) ઎ګԫଡಛஒߓอΔԫଡ፿რᣊ Sem (ઌᅝ࣍वጻխऱᆠ଺) ऱಛஒ
ၦࡳᆠ੡ Entropy(System)-Entropy(Sem)Ζݺଚڇຍᢰהشࠌଚऱૠጩ፿რಛஒၦऱֱऄ
 ᆠ଺ऱಛஒၦΖٺૠጩवጻխࠐ

 वጻխࠟଡᆠ଺ऱઌۿ৫੡ຍࠟଡᆠ଺ٌࢬႃᆏរऱ፿რಛஒၦΔࢬ൓ࠩ፿რಛஒ
ၦ။೏।قຍࠟଡᆠ଺။ઌۿΔڼڂรԫຝٝऱઌۿ৫ࡳᆠڕՀΚ 

SystemEntropy
SemSemEntropy1

System/EntropySemSemEntropySystemEntropy
System/EntropySemSemnContentInformatio

SemSemrePrimarySco

y,1x,1

y,1x,1

y,1x,1

y,1x,1

 

ۖรԲຝ։ऱઌۿ৫ऱࡳᆠ੡Κ 

1n

SemSemEntropyMin
1

1n/System/EntropySemSemEntropySystemEntropy

1n/System/EntropySemSemnContentInformatio

...SemSem,...SemSemcoreSecondaryS

n

2i
jy,ix,

{1..m}j

n

2i
jy,ix,

{1..m}j

jy,ix,

n

2i {1..m}j

my,y,2nx,x,2

Max

Max
 

೗๻אױଚݺ  n>=mΔՈ༉ਢรԫଡဲයऱࡳᆠऱᆠ଺ࢨ࣍ڍ࿛࣍รԲଡဲයऱᆠ
଺ΔൕรԫଡဲයխรԲଡᆠ଺ၲࡨΔޢଡᆠ଺ፖรԲଡဲයխऱޢଡᆠ଺ૠጩઌۿ৫Δ

รԫଡဲයխޢଡᆠ଺ఎՀፖรԲଡဲයᆠ଺ઌۿ։ᑇ່೏ऱิٽΔലรԫଡဲයխޢ

ଡᆠ଺൓ࠩऱ։ᑇؓ݁Δ༉ਢݺଚࡳࢬᆠऱรԲຝ։ऱઌۿ৫ΖאՂࠟڤխٺႈઃೈא

SystemEntropy ਢ੡ፂ਍ઌۿଖտ࣍ ࡉ0 1հၴΖ 

4.4 ဲᣊઌۿ৫ྒྷၦ 
ଚലխઔೃխ֮؁࿨ዌᖫݺ 1.0 ठխऱ؁࿨ዌᖫխូ౏נ๵ঞΔࠀอૠޢය๵ঞנ෼ऱ
᙮෷Δڕቹ 1 ऱ؁࿨ዌᖫូױ౏׳נᢰऱԿය๵ঞΖൕ؁࿨ዌᖫխݺଚאױᨠኘࠩ
�“quantity NP�”ഄԫଡ׀ᆏរ (parent node) אױ૜س�“Head_Neqa�”ຍଡ՗ᆏរΔݺଚ༉ല
ຍଡ؁࿨ዌᖫխऱᣂএޏᐊ੡๵ঞΔᐊګ੡ quantity NP  Head_NeqaΔ׊ࠀอૠޢය๵
ঞנ෼ऱڻᑇΔല؁࿨ዌᖫխנڶࢬ෼ٵᑌ๵ঞ೚ᑇၦีૠΔ܂੡ݺଚૠጩဲᣊઌۿ৫

ऱ᧢ᑇΖ 
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˦

̇˻˸̀˸
ˡˣ

̄̈˴́̇˼̇̌
ˡˣ

˛˸˴˷
˩˛˄˄˛˸˴˷

ˡ˸̄˴
˛˸˴˷
ˡ˴˷

˪̂̅˷˄ ˪̂̅˷˅ ˪̂̅˷ˆ

˄ʳ̄̈˴́̇˼̇̌ʳˡˣʳˀˀˑʳ˛˸˴˷˲ˡ˸̄˴
˄ʳ̇˻˸̀˸ʳˡˣʳˀˀˑʳ˻˸˴˷˲ˡ˴˷
˄ʳ˦ʳˀˀˑʳ̄̈˴́̇˼̇̌˲ˡˣʳ̇˻˸̀˸˲ˡˣʳ˛˸˴˷˲˩˛˄˄

 
ቹ 1խ֮؁࿨ዌᖫᖫणቹፖូ౏๵ঞ 

ၦٻΔᇠګ෼ऱ᙮෷ิנᆏរכᆏរፖ׀ٺطၦٻᆠऱࡳࢬԫଡဲᣊ(Category)ऱޢ
ऱิګګ։ऱᑇၦፖඈݧਢࡳࡐऱΔૉᇠဲᣊऱٻၦࠡխԫଡิګګ։נڶ޲෼መΔঞ

ࠡଖ੡ሿΔٻၦऱิګګ։੡٣ਢ׀ٺᆏរऱ᙮෷Δࠡڻ੡כٺᆏរऱ᙮෷ΖࡳᆠڕՀΚ 

i={VA, VAC, VB, VC, VCL,�…, Na, Nb,�…, A,�…, P,�…} 

 ) node ngfreq(sibli ),..., node ngfreq(sibli ),node (sibling freq
 ), node parent),...freq(node tfreq(paren ),node tfreq(paren Category

m21

n21i  

൓ࠩٺଡဲᣊऱٻၦ৵ΔݺଚشܓՀ٨ֆڤૠጩဲᣊፖဲᣊհၴऱઌۿ࿓৫Δࢬ൓ऱ։

ᑇտ࣍ 0~1հၴΔ1।٤ݙقઌٵΔ0।٤ݙقլઌٵΖ 

 

 
ji

ji
ji

CategoryCategory

CategoryCategory
CategoryCategoryoreCategorySc

*
,        

ຝ։נଚ٨ݺ VHᣊऱ೯ဲፖٺᣊ೯ဲऱઌۿ৫࣍।௑ 4ΖೈԱ VHᣊՀऱ։ᣊ VHCᣊ
؆ΔVHᣊ೯ဲፖ VIᣊઌۿ࿓৫່೏ΔVHᣊፖ VIᣊࠟृઃ੡णኪ೯ဲΔהଚऱ஁ܑႛ
൷ऱᓵցᑇၦΖVIױ࣍ڇ ᣊ੡ᣊ໢ᎏ೯ဲΔഗءՂՈਢլ֗ढ೯ဲΔ܀ਢ VI ᣊऱ೯ဲ
ԫଡտဲലᓵشࠌ೯ဲհ৵Δຏൄڇ෼נᆜլۯᇠᓵցऱ܀ԫଡᓵցΔ࠹൷ױ፿რՂڇ
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ց֧տࠐנΖۖ VHᣊፖ VAᣊऱઌۿ࿓৫੡ڻ೏ΔVHᣊፖ VAᣊٵ᥆լ֗ढ೯ဲΔה
ଚऱ஁ܑႛ࣍ڇ೯܂ፖणኪऱ೴։Ζ 

।௑ 4. ဲᣊઌۿ৫(ຝ։) 

ຒᜪ 1 ຒᜪ 2 ࣬՟ࡋ 

VH VA 0.674 

VH VC 0.611 

VH VD 0.643 

VH VE 0.540 

VH VG 0.591 

VH VH 1.000 

VH VI 0.736 

VH VJ 0.655 

VH VHC 0.852 

4.5 ઌဲۿᙇ࠷ 
ऱᙇဲۿव೯ဲऱઌآᨏΖԫ੡ޡ૞ऱ׌ቃྒྷ೯ဲ։ᣊऱመ࿓խΔԿଡࠐऄۿઌشࠌڇ

 व೯ဲऱဲᣊΖآࡳ৫ΔԿ੡ެۿऱઌဲۿव೯ဲፖઌآΔԲ੡ྒྷၦ࠷

 ଈ٣Δᅝԫଡᄅऱآव೯ဲנ෼ழΔݺଚࠀլवሐୌࠄಝᒭ፿றऱ೯ဲፖᄅऱآव
೯ဲለઌۿΔڼڂ෻ᓵՂݺଚؘႊૠጩޢଡಝᒭ፿றխऱ೯ဲፖᄅऱآव೯ဲऱઌۿ

৫Δ༈נބઌۿ৫ለ೏ऱઌ܂ဲۿ੡ᄅऱآव೯ဲቃྒྷဲᣊऱࠉᖕΔૠጩᄅऱآव೯ဲ

(Wordunknown)ፖಝᒭ፿றխ೯ဲ (Wordknown)ऱࡳᆠڕՀΚ 

If Word= wordbase1+wordbase2+wordbase3...+wordbasen 

 Sim(Wordunknown,Wordknown) = weight1*Sim(wordbase1,unknown,wordbase1,known) 

                         +weight2*Sim(wordbase2,unknown,wordbase2,known) 

                         +... 

                         +weightn*Sim(wordbasen,unknown,wordbasen,known) 

ૉආشຍጟֱऄؘႊૠጩಝᒭ፿றխऱޢԫଡ᢯ნፖݺଚآव೯ဲऱઌۿ৫Δലᄎ

௡၄๺ڍլؘ૞ऱૠጩழၴΔڼڂႛ༉ಝᒭ፿றխፖᄅऱآव೯ဲছဲഗઌࢨٵ৵ဲഗ

ઌٵऱઌဲۿ੡ૠጩᑑऱΖ༈ࠩބছဲഗઌࢨٵ৵ဲഗઌٵऱઌဲۿ৵ΔรԲޡᏁૠጩ

ຍࠄᙇࠐנ࠷ऱઌဲۿխፖᄅऱآव೯ဲဲഗઌฆऱຝ։ऱઌۿ৫Ζૠጩࠟଡ᢯ნઌۿ

৫ऱֱऄΔڕՀΚ 

Sim(Wordunknown,Wordknown) = *HowNetSimScore(Basei,Basej) + 

*CategoryScore(category(Basei),category(Basej)) 
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+ =1 

Wordknown੡ઌဲۿ 

Basei੡آव೯ဲፖઌဲۿઌฆऱဲഗ 

Basej੡ઌဲۿፖآव೯ဲઌฆऱဲഗ 

ૉآवဲ੡ψഀݙω੡آव೯ဲΔψᝑݙω੡ઌဲۿΔܛ Basei੡ψഀωΔBasej੡

ψᝑωΖ່৵ԫଡޡᨏਢެآࡳव೯ဲऱဲᣊΖݺଚբڶԱԫᆢઌဲۿΔٵழޢଡઌۿ

ဲՈڶፖآव೯ဲऱઌۿ։ᑇΖ٣ലຍࠄઌࠉဲۿᅃဲᣊ։ิΔൕޢଡဲᣊᅝխנ࠷ K
ଡઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔ൓ࠩآव೯ဲࠩޢଡဲᣊऱؓ݁၏ᠦΔ

৫խऱֺૹΕۿՀԫᆏྒྷᇢ፿რઌڇଚലݺፖࠡ၏ᠦ່ઌ२ऱဲᣊΖܛव೯ဲऱဲᣊآ

፿რፖဲᣊऱֺૹ֗א KଖऱՕ՛ኙإᒔ෷ऱᐙ᥼Ζ 

4.6 ઌۿऄ೶ᑇᙇࡳ 
ઌۿऄխᏁ૞ಘᓵՀ٨ԿរΖԫΕ፿რઌۿ৫ྒྷၦऱֺૹΔ׌ܛ૞ᆠ଺ፖڻ૞ᆠ଺ֺૹ

ऱ᧢֏ኙإᒔ෷ऱᐙ᥼ΖԲΕ፿რፖဲᣊऱֺૹΔܛ፿რ։ᑇΰࠐ۞वጻαፖဲᣊ։ᑇ

ऱֺૹհ᧢֏ኙإᒔ෷ऱᐙ᥼ΖԿΕKଖऱ᧢֏Δܛઌࠏۿ՗ᑇၦ֟ڍኙإᒔ෷ऱᐙ᥼Ζ 

ࠏۿլࠩઌބव೯ဲΚԫΕآ෼ࠟጟᣊীլ౨ቃྒྷऱנव೯ဲᄎآऄቃྒྷۿઌشࠌ

՗ऱآव೯ဲΖԲΕآव೯ဲऱဲഗ੡वጻխگآᙕऱဲნΔྤڼڂऄૠጩઌۿ৫Ζ 

੡Ա༈ࠋ່ބऱֺૹΔڇಝᒭ፿რऱֺૹΕ፿რፖဲᣊֺૹፖઌဲۿᑇၦऱኔ᧭

խΔݺଚ٣ലဲڶഗլ࣍ڇژवጻऱآव೯ဲܔೈΔઌۿऄլ౨ቃྒྷऱآव೯ဲႛໍՀ

ԫጟᣊীΔބܛլࠩઌࠏۿ՗ऱآव೯ဲΖ 

 ᆠ੡Κࡳᒔ෷ऱإ࣍ᆏኙء

 (व೯ဲآ1000-լ౨๠෻ऱ)/व೯ဲآᒔऱإᒔ෷Јෲྒྷإ

4.5.1 ፿რઌۿ৫ֺૹᓳᖞ 
ଈ٣૞ࠟࡳࡐଡ᧢ᑇΔ፿რፖဲᣊऱֺૹፖ KଖՕ՛Δթ౨ᨠኘנઌۿ৫ֺૹऱ᧢֏ኙ
ଚ٣࿯ղݺڼڂᒔ෷ऱᐙ᥼Ζإ K=1Δ፿რፖဲᣊֺૹ੡ 1 ፖ 0Ζݺଚൕآव೯ဲ፿ற
խૹᓤ נ࠷ᙟᖲڻ10 1000ଡآव೯ဲ܂੡ྒྷᇢ፿றΔࠡ塒ऱآव೯ဲ܂੡ಝᒭ፿றΔ
ૠጩ 10 ᒔ෷ऱؓ݁Δቹ 2إ൓ࠩऱࢬڻ ੡ࠉᅃઌۿ৫ֺૹऱ᧢֏ኙإᒔ෷ऱᐙ᥼፹ګ
ऱቹ।Ζ10ڻኔ᧭ᇡาऱᑇᖕᓮ೶ߠॵᙕԲ।௑ 13Ζ 
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ˈˊˁˆˉʸ

ˈˌˁˉˇʸ
ˈˌˁˈˆʸ

ˈˌˁˊ˃ʸ
ˈˌˁˈˋʸ ˈˌˁˉˆʸ

ˈˌˁˆˇʸ

ˈˋˁˊˉʸ

ˈˋˁ˅˄ʸ

ˈˊˁˋˋʸ ˈˊˁˌˆʸ

56.00%

56.50%

57.00%

57.50%

58.00%

58.50%

59.00%

59.50%

60.00%

(1,0) (0.9,0.1) (0.8,0.2) (0.7,0.3) (0.6,0.4) (0.5,0.5) (0.4,0.6) (0.3,0.7) (0.2,0.8) (0.1,0.9) (0,1)

ʻ̊˄ʿ̊˅ʼ

҅
ዴ
౗

ѳ֡҅ዴ౗

 
ቹ 2 ፿რઌۿ৫׌૞ᆠ଺ፖڻ૞ᆠ଺(w1,w2)ፖإᒔ෷ᣂএቹ 

૞ᆠ଺ऱֺૹ੡׌נ઎אױՂ।ط 0.7 ፖڻ૞ᆠ଺ऱֺૹ੡ 0.3 ழאױ൓່ࠩ೏ऱ
ᒔ෷إ 59.70%Δءڇڼڂኔ᧭խݺଚشࠌ 0.7ፖ  ૞ᆠ଺ऱֺૹΖڻ૞ᆠ଺ፖ׌੡܂0.3

4.5.2 ፿რፖဲᣊֺૹေၦ 
ᆖطՂᆏऱኔ᧭Δݺଚലઌۿ৫ֺૹ๻ࡳ w1੡ 0.7ፖ w2੡ 0.3ፖ K=1Ζൕಝᒭ፿றխᙟ
ᖲ࠷ࢼ 1000ଡآव೯ဲૹᓤ๠෻  ᒔ෷ऱᐙ᥼ΖإΔᨠኘ፿რፖဲᣊֺૹऱ᧢֏ኙڻ10

ˈ˄ˁˉˌʸ

ˉˇˁ˅ˌʸ

ˉˇˁˆ˃ʸ

ˉˇˁ˅ˉʸ

ˉˇˁ˅ˌʸ
ˉˇˁ˃ˈʸ

ˉˆˁˌˋʸ
ˉˆˁˈ˃ʸ

ˉˆˁ˃˅ʸ

ˈˋˁˌˊʸ

ˉ˅ˁ˅ˌʸ

50.00%

52.00%

54.00%

56.00%

58.00%

60.00%

62.00%

64.00%

66.00%

(1,0) (0.9,0.1) (0.8,0.2) (0.7,0.3) (0.6,0.4) (0.5,0.5) (0.4,0.6) (0.3,0.7) (0.2,0.8) (0.1,0.9) (0,1)

ʻөʿӪʼ

҅
ዴ
౗

ѳ֡҅ዴ౗

 
ቹ 3 ፿რፖဲᣊֺૹ( , )ፖإᒔ෷ᣂএቹ 
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ൕቹ 3ᨠኘࠟנଡ෼ွΚԫΕ፿რᣊ։ᑇ۾ࢬऱֺૹ။ՕΔࠌ൓إᒔ෷။૾܅ΖԲΕ
ᅝ፿რဲࢨᣊ۾ࢬऱֺࠏ੡ 0 ழᄎທإګᒔ෷ऱᨏ૾Ζ፿რઌۿ৫ऱֺૹ੡ 0.2 ፖဲᣊ
ઌۿ৫ऱֺૹ੡ 0.8 ழאױ൓່ࠩ೏ऱإᒔ෷ 64.30%Δءڇڼڂኔ᧭խݺଚشࠌ 0.2 ፖ
ॵᙕԲ।௑ߠኔ᧭ᇡาऱᑇᖕᓮ೶ڻ੡፿რፖဲᣊऱֺૹΖ10܂0.8 14Ζ 

4.5.3 Kଖ᧢֏4 
ഗ࣍Ղ૪ऱኔ᧭ಝᒭࠐנऱ࿨࣠Δݺଚ෼ڇല፿რઌۿ৫խ׌૞ᆠ଺ፖڻ૞ᆠ଺ऱֺૹ

๻ࡳ੡ 0.7ፖ 0.3Δۖ፿რፖဲᣊऱֺૹ๻ࡳ੡ 0.2ፖ 0.8Δᨠኘಝᒭ፿றՕ՛ፖઌဲۿᑇ
ၦऱ᧢֏ኙإᒔ෷ऱᐙ᥼Ζ 

࠷ Kଡઌဲۿऱֱऄ੡ല༈ࠩބઌࠉ٣ဲۿᅃဲᣊ։ Ζิൕޢଡဲᣊᅝխנ࠷ Kଡ
ઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔ൓ࠩآव೯ဲࠩޢଡဲᣊऱؓ݁၏ᠦΔآ

व೯ဲऱဲᣊܛፖࠡ၏ᠦ່ઌ२ऱဲᣊΖലآव೯ဲࠉᅃဲᣊ։ᣊऱ଺ڂਢᝩࠩ࠹܍ၦ

Օऱဲᣊऱᐙ᥼Δۖઌࠏۿ՗լߩ Kଡऱآव೯ဲࠡאᖑڶઌࠏۿ՗ᑇၦૠΖ 

व೯ဲΰፖՂ૪ᓳᖞآଚ๻ૠԱࠟଡኔ᧭Κรԫଡኔ᧭ऱಝᒭ፿றొጰ੡ݺᆏءڇ

ֺૹऱኔ᧭ઌٵαΖรԲଡኔ᧭ঞਢല᢯ࠢխऱ೯ဲףԵࠩಝᒭ፿றᅝխΔᨠኘಝᒭ፿

றऱᏺՕኙإᒔ෷ऱᐙ᥼Δ 

 ᅝ։ᣊᇷறొጰࠐ۞ಝᒭ፿றழΔݺଚᨠኘࠩ KଖऱᏺՕኙإᒔ෷૿إڶऱᐙ᥼Ζ
ऱኔ᧭խΔؓ݁પڻԼڇ K=9 ழאױሒ່ࠩࠋऱإᒔ෷ 68.37%Δ೶ߠቹ 4Δ܀ K ଖૉ
ᤉᥛᏺՕإࠌᒔ෷Հ૾Δ଺࣍ڇڂᅝ KመՕழΔ଺ءԫࠄઌۿ৫ለ᎛ࢨઌۿ৫੡ 0ऱઌ
ॵᙕԲ।௑ߠኔ᧭ᇡาऱᑇᖕᓮ೶ڻΖԼ܅ᒔ෷૾إኔ᧭ऱګຟᄎ๯౏ԵૠጩΔທဲۿ

15Ζ 

ˉˇˁˈˈʸ

ˉˊˁ˅ˉʸ

ˉˊˁˋ˄ʸ

ˉˋˁˆ˄ʸ
ˉˋˁˆˊʸ

ˉˋˁˆ˃ʸ

ˉˋˁˆ˃ʸ

ˉˋˁˆˇʸ

ˉˋˁ˅ˈʸ

ˉˋˁ˅˅ʸ

ˉˊˁˌˌʸˉˊˁˈˈʸ

ˉˇˁ˃˃ʸ

ˉˈˁ˃˃ʸ

ˉˉˁ˃˃ʸ

ˉˊˁ˃˃ʸ

ˉˋˁ˃˃ʸ

ˉˌˁ˃˃ʸ

˄ ˅ ˆ ˇ ˈ ˉ ˊ ˋ ˌ ˄˃ ˅˃ ˆ˃

˞ˡˡ

҅
ዴ
౗

ѳ֡҅ዴ౗

 
ቹ 4 ઌဲۿᑇၦ(KNN)ፖإᒔ෷ᣂএΰಝᒭ፿ற੡آव೯ဲα 

 

                                                 
4 ຍଡଖਢ K-nearest neighbor (KNN)։ᣊऄऱ೶ᑇΖ 



 

 

 17       ߒऱխ֮೯ဲ۞೯։ᣊઔءऄ੡ۿዌဲ৳ፖઌא

ݺԵ࣋ଚല᢯ࠢխऱ೯ဲݺڼڂᐙ᥼Δڶᒔ෷إ᧯ᄎኙᖞ֟ڍଚ೗๻ಝᒭ፿றऱݺ

ଚऱಝᒭ፿ற፿றխΔᨠኘಝᒭ፿றᏺڍழإᒔ෷ऱ᧢֏Ζ 

ѳ֡҅ዴ౗

67/11&

69/11&

71/11&

73/11&

75/11&

77/11&

79/11&

81/11&

83/11&

2 3 4 5 6 7 8 9 : 21 31 41 51 61 71 81 91 :1 211

LOO

҅
ዴ
౗

ѳ֡҅ዴ౗΋

ѳ֡҅ዴ౗Β

 
ቹ 5ઌဲۿᑇၦ(KNN)ፖإᒔ෷ᣂএ 

ΰؓ݁إᒔ෷ԫಝᒭ፿ற੡آव೯ဲؓ݁إᒔ෷Բಝᒭ፿ற੡آव೯ဲፖࠢڗα 
ൕቹ 5խݺଚᨠኘ Δࠩᅝಝᒭ፿ற੡آव೯ဲףՂࠢڗழΔإᒔ෷ᙟհᏺ९Ζᅝ K=20

ழΔאױሒ່ࠩ೏ऱإᒔ෷ 71.05%Ζಝᒭ፿ற੡آव೯ဲףՂࢬࠢڗ൓ࠩऱإᒔ෷ֺ໢
੡ಝᒭ፿றપ༼೏܂व೯ဲآشࠌ 2.68%Ζߠߩᅝ KଖࡳࡐழΔಝᒭ፿றᏺڍΔإᒔ෷
ᄎᙟհ༼֒ΖԼڻኔ᧭ᇡาऱᑇᖕᓮ೶ߠॵᙕԲ।௑ 16Ζ 

।௑ 5੡א໢ొشࠌಝᒭ፿றፖಝᒭ፿றࠢڗף੡ಝᒭ፿றࢬ೚ኔ᧭ऱ࿨࣠Ζൕࠟ
ଡլٵಝᒭ፿றऱኔ᧭խΔݺଚᨠኘࠩᅝ K=1ழΔآشࠌव೯ဲ܂੡ಝᒭ፿றऱإᒔ෷
ለآشࠌव೯ဲፖ܂ࠢڗ੡ಝᒭ፿றऱإᒔ෷೏נ 2.83%Δ೶ߠ।௑ 5Ζݺଚൕࠢڗխ
ऱဲნ௽ࠐࢤᇞᤩ K=1ழףࠢڗאՂآव೯ဲࢬ൓ऱإᒔ෷ለ܅ऱ଺ڂΖࠢڗխگᙕऱ
ဲნڶԫຝٝਢլࠠڶ፿რຘࣔࢤΔլ౨ൕ૿ڗՂ൓ࠡנ፿რΔڼڂΔᅝݺଚآشࠌव

೯ဲፖ܂ࠢڗ੡ಝᒭ፿றழΔૉݺଚႛ࠷ԫଡઌဲۿΔৰױڶ౨ࠩ࠷ຍࠄլࠠڶ፿რຘ

Աᅝګឰ࿨࣠Δ༉ທܒଚऱݺऱဲნΔեឫࢤࣔ K=1ழإᒔ෷ለ܅ऱ࿨࣠Ζ 
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।௑ 5. ಝᒭ፿ற੡آव೯ဲፖآव೯ဲףՂࠢڗխဲნֺለ।௑ 
҂ޕ୏ຒ 

KNN ѳ֡҅ዴ౗(10ԛ)

҂ޕ୏ຒ+ӷڂ 

KNN ѳ֡҅ዴ౗(10ԛ) 

1 64.55% 1 61.72% 

2 67.55% 2 68.00% 

3 67.99% 3 69.56% 

4 68.22% 4 70.01% 

5 68.25% 5 70.35% 

6 68.34% 6 70.90% 

7 68.30% 7 70.85% 

8 68.30% 8 70.99% 

9 68.37% 9 70.95% 

10 68.31% 10 70.92% 

20 67.81% 20 71.05% 

30 67.26% 30 70.93% 

5. ጵྒྷٽᇢ࿨࣠ 

ᆏऱྒྷᇢ፿றءᒔ෷ऱေ۷ΔإอߓءऱֺૹΔၞ۩່৵ኙࠐנᓳᖞࢬ᧭Ղ૪ኔאᆏء

੡່ॣঅఎऱ່৵ྒྷᇢ፿றΖڇኔ᧭խݺଚ൓ࠩᅝ፿რऱֺૹ੡ 0.2Δဲᣊ੡ 0.8Δ፿რ
ઌۿ৫փ׌૞ᆠ଺ऱֺૹ੡ 0.7Δڻ૞ᆠ଺ऱֺૹ੡ 0.3Δಝᒭ፿ற੡آव೯ဲףՂࠢڗ
׊ K=20 ழאױሒ່ࠩࠋऱإᒔ෷ΖݺଚאՂ૪ऱֺૹ܂੡ေ۷່৵ྒྷᇢ፿ற࿨࣠ऱֺ
ૹΔၞ۩Հ٨ࠟଡኔ᧭ΚԫΕאઌۿऄ๠෻ྒྷᇢ፿றΖԲΕ࿨ٽ๵ঞऄፖઌۿऄ๠෻ྒྷ

ᇢ፿றΖ 

অఎऱࢬऱֺૹΔ๠෻٣ছࠐנՂ૪ᓳᖞٽऄΔ಻ۿઌشࠌଚݺ 1000 ࿝ᇷறΔ൓
ᒔ෷੡إࠩ 68.67%Δڇ܀ຍ 1000ଡآव೯ဲᅝխΔڶ 52ଡ೯ဲྤऄ๠෻Δ೶ߠ।௑ 6Ζ 

।௑ 6. ઌۿऄኔ᧭ေ۷ 

(w1,w2) ( , ) KNN ࣬՟҅ݤዴ౗ คݤೀ౛ޑ҂ޕ୏ຒ 

(0.2,0.8) (0.7,0.3) 20 68.67% 52 

࿨ٽছ૿ࢬ༼ࠩऱ๵ঞऄፖઌۿऄΔ٣ലຍ 1000 ଡآव೯ဲشࠌ๵ঞऄ๠෻Δ๵
ঞऄྤऄ๠෻ऱ೯ဲشࠌ٦ઌۿऄ๠෻Δ࿨ࠟٽጟֱऄቃྒྷآव೯ဲऱဲᣊΔ࿨ٽ৵ऱ

ᒔ෷੡إ 70.80%Δֺ໢شઌۿऄ೚ቃྒྷऱإᒔ෷೏נ 2.13%Δྤऄ๠෻ऱآव೯ဲՈ྇
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֟۟ 31ଡΖ 

।௑ 7. ๵ঞऄ࿨ٽઌۿऄኔ᧭ေ۷ 

(w1,w2) ( , ) KNN ࣬՟҅ݤዴ౗ ೕ҅ݤ߾ዴ౗ 
่ӝࡕ

҅ዴ౗

คݤೀ౛ޑ 

҂ޕ୏ຒ 

(0.2,0.8) (0.7,0.3) 20 65.04%(467/718) 87.25%(219/251) 70.80% 31 

6. ࿨࣠։࣫ 

6.1 ᙑᎄ։࣫ 
व೯آቃྒྷᙑᎄऱࠄຍԫᆏ։࣫ຍڇଚݺڼڂऱᙑᎄ෷ΔګԿڶอપߓଚ೯ဲ։ᣊऱݺ

ဲऱ௽ࢤΔ܂੡ၞޏቃྒྷ։ᣊߓอऱ೶ەΖءᆏಘᓵऱآव೯ဲץਔෲྒྷᙑᎄऱآव೯

ဲፖߓอྤऄ๠෻ऱآव೯ဲΖ 

6.1.1 ෲྒྷᙑᎄհآव೯ဲ։࣫ 
։ױ૞׌ऱംᠲΔߪءԫຝٝ੡ᇷறڶव೯ဲխΔآऄෲྒྷᙑᎄऱۿଚኔᎾᨠኘઌݺڇ

੡ࠟᣊΖԫΕբဲნ֏ऱဲ፿ΖԲΕᑑಖڶጊംऱဲნΔױ೶ߠ।௑ 8խऱࠏ՗Ζ 

ෲྒྷᙑᎄऱࠏ՗੡ለߠߔऱဲ፿ΔڕΚٽसΕխߵፖᏍ݂࿛Ζᇠဲნྤऄൕဲნऱ

੡ലຍᣊဲნڤऱဲნऱᇞެֱࢤլࠠ፿რຘࣔࠄΔຍࠐᇠဲნऱრᆠנ։ᨠኘګګิ

ᄅᏺԵ᢯ࠢխΖࠡڻ੡ᑑಖڶጊംऱဲნΔڕΚψؚᄉωᑑಖ੡ VC ᣊΔຍဲࠄნऱᑑ
ಖױ౨੡፿ற஄խऱᙑᎄΖ 

।௑ 8. ෲྒྷ࿨࣠ 

ຒ༼ϯຒ༼ 

Ȑόڀᇟཀ೸ܴ܄ȑ 

҂ޕ୏ຒ ຒᜪ኱૶ 

ӝޘ VA 

ύٕ VA 

ር֢ VH 

኱૶Ԗᅪୢຒ༼ 

Ѻཀྵ VC 

ᆀऍ VC 

 VC ࡫ً

౛ޔ VC 

6.1.2 ྤऄ๠෻հآव೯ဲ 
ਢྤ܀Δဲۿઌࠩބ։ᑇΔۿव೯ဲ੡ࠟᣊΚԫΕྤઌآଚലլ౨๠෻ऱݺ।௑ 9խڇ
ऄૠጩઌۿ৫ΖԲΕྤઌဲۿნΔ޲ᙄऄڇಝᒭ፿றխࠩބઌဲۿΖ 
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।௑ 9. ྤऄቃྒྷ։ᣊऱآव೯ဲ։ᣊ 

ค࣬՟ϩኧ ውဍଆٰǵεਊ౽ǵ΋،യॄǵډࠟޔǵ᝖㚂ǵᎵᚈझǵεວൂǵΠݨᗙǵ

ϲ຾ډǵଆଚ੶ǵεԏआǵ΢ξΠੇǵᬉฅఽΠǵၯЋӳ໕ǵ༼஌ډǵᘜٳ

 ډ

ค࣬՟ᜏ༼ ᑷᅟλٖǵၯ࠼ӵᙃǵጸ㗘ǵዉฅఽΠǵџӡǵ޸܊ࢰᕀǵӞႫസىǵ΢ξ

Πੇǵ୘ፓԿǵ݊ ᡀࠟࡸǵ∈∈௃၉ǵ࿤҇ᘜЈǵլρፄᘶ 

ྤऄૠጩઌۿ։ᑇऱ଺࣍ڇڂवጻگڶ޲ᙕᇠآव೯ဲิګऱဲഗΔ༉ጩڶઌဲۿ

Ոྤऄૠጩઌۿ৫ΖڕΚψᲩྥෝՀω༈ࠟࠩބଡઌဲۿ---ψᲩྥ඿ዠωፖψᲩྥ඿ࣸωΖ
 ឰψᲩྥෝՀωऱဲᣊΖܒԱྤऄګ৫ΔທۿਢΔψෝՀωፖψ඿ዠωྤऄૠጩઌ܀

ڇ 4.5.3 ᆏऱࠟଡኔ᧭խΔᨠኘࠩᅝಝᒭ፿றႛ੡آव೯ဲழΔڇԼڻऱኔ᧭խؓ
݁પڶ 64.7ଡآव೯ဲྤऄᙃᢝΔ܀ᅝಝᒭ፿றऱᑇၦᏺՕழΔլ౨๠෻ऱ೯ဲᑇၦঁ
Ա܅૾݁ؓ 7.7ଡΖ 

।௑ 10. ྤऄ๠෻հآव೯ဲᑇၦ᧢֏ 

૽ግᇟ਑ όૈೀ౛୏ຒޑኧໆȐؒԖ࣬՟ٯηȑ 

҂ޕ୏ຒ 64.7 

҂ޕ୏ຒɠӷ7.7 ڂ 

 ྤऄࠩބઌۿ᢯ნऱآव೯ဲՕڍ੡ VHᣊऱګ፿ΔڕΚψᘗዿ՛߶ωΖຍԫᣊऱ
 ᙕ᢯ࠢΖگव೯ဲ๠෻ֱऄ੡آ

6.2 ፿ற։࣫ 
वဲऱֱऄΖآ࠷ࢼᆠፖࡳवဲऱآऱᐙ᥼ΖԫΕګኔ᧭ທء࣍ଚಘᓵԿଡ፿றംᠲኙݺ

ԲΕխઔೃؓᘝ፿ற஄խᑑಖऱԫીࢤΖԿΕवጻࡳᆠᆠ଺ᑇၦΖ 

 वဲऱֱऄآ࠷ࢼᆠፖࡳवဲآ 6.2.1
آ֮ءംᠲΖଈ٣Δࠄऱԫس૜ࢬव೯ဲآऱࠐנ࠷ࢼᆠፖࡳवဲऱآᆏಘᓵءڇଚݺ

वဲऱࡳᆠ੡լࠢڗ࣍ڇژխऱ᢯ნΔ׊ࠀ೗๻آवဲᚨࠠڶ፿რຘࣔࢤΔݺܛଚאױ

ൕ૿ڗՂ൓ࠩᇠ᢯ნऱ፿რΔ܀ਢݺڇଚگࢬႃऱآव೯ဲխΔڶԫ՛ຝ։ࠀլ᥆࣍ຍ

ጟᣊীΔڕࠏΚխऱ(ԫᒢխऱ)Ε᩵ᗰΕٻ᠑ΕᠦװΕ⢞ଆΕ⧷៥Ε╃ᙩΕ⿼࢖࿛Ζݺ
ଚᎁ੡ᇞެຍຝ։᢯ნ່ړऱֱऄ༉ਢലຍԫᣊীऱ᢯ნ٤ຝگᙕࠢڗխΖ 

6.2.2 խઔೃؓᘝ፿ற஄ᑑಖऱԫીࢤ 
ଚৰᣄലຍԫຝٝऱ፿றូݺᑑಖլอԫऱ෼ွΔຍᨃڶଚᨠኘಝᒭ፿றխΔ࿇෼ݺڇ

౏۶ٚנऱ࿨ᓵΔڕࠏΚψV+լԱωຍጟ࿨ዌΔڇ V᥆೯܂೯ဲऱൣउՀΔݺଚ࿇෼ڶ
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ຝ։ऱᑑಖԳ୉ലψV+լԱωຍጟ࿨ዌऱ೯ဲᑑಖګ VऱᣊܑΔܛս᥆೯܂೯ဲΙ׼؆
ࣂΔψڕࠏΖ᧢ޏ੡ԫଡणኪ೯ဲΔᓵց࿨ዌ։ᣊլګຝ։ऱԳঞലψV+լԱωᑑಖڶ
ᖒլԱωᑑಖ੡ VJ ᣊ(णኪ໢ᎏ೯ဲ)ΔψॴᖒլԱωᑑಖ੡ VC ᣊ(೯܂໢ᎏ೯ဲ)Δ܀
ψࣂᖒωፖψॴᖒωڇխઔೃဲ஄՛ิဲवᢝ᢯ࠢխऱဲᣊઃ᥆ VCᣊ(೯܂໢ᎏ೯ဲ)Ζ 

ਢ܀ᖞଡ೯ဲणኪ֏Δࠌଚංྒྷຍᑌऱᑑಖֱऄਢຝ։ᑑಖԳ୉ᎁ੡ψլԱωᄎݺ

լᄎޏ᧢ᖞଡ೯ဲऱᓵց࿨ዌΔڼڂᑑಖԳ୉ലຍᑌऱิٽ࿯ղणኪ೯ဲΔۖ׼؆ԫຝ

։Գᎁ੡ףՂψլԱω৵Δࠀլᄎᐙ᥼ᖞଡ೯ဲऱ೯܂ፖणኪऱ։ᣊΔঞ࿯ղᇠ verbi

଺٣ऱ։ᣊΖ 

૞׌ڂ๵ঞΖᑑಖլԫીऱ଺נଚྤऄൕխࣔᒔऱូ౏ݺᑑಖ๵ঞऱլอԫΔ࣍ط 
ᖞፖᑑಖᙑᎄΔۖಝᒭ፿றխ᢯ნݙᆠፖᑑಖԳ୉࿯ղᑑಖழऱլڍऱߪءნဲ࣍۞ࠐ

ᑑಖإᒔፖܡᄎऴ൷ऱᐙ᥼ࠩઌဲۿऄऱإᒔ෷Ζឈྥݺଚᎁ੡ຍᣊীऱ᢯ნऱᒔৰᣄ

ڶࢬඨᑑಖԳ୉ലݦᆠΔঞڍଡอԫऱ๵ঞΔૉຍᣊীऱᑑಖ੡ڶඨݦ܀։ᣊΔࡳެװ

ऱᑑಖΖࢤΔլႛႛਢᑑಖࠡխԫጟဲᣊΔലຍጟᣊীऱ᢯ნ࿯ղԫીנ౨ऱဲᣊᑑಖױ

խઔೃؓᘝ፿ற஄խऱဲޏଥޡಘᓵΔዿ৵ၞԫנ༽৫ऱᨠኘፖߡຍଡط៶ඨݦଚՈݺ

ᣊᑑಖΔࠌ൓፿ற஄ᑑಖޓ੡ԫીΖ 

6.2.3 वጻ೯ဲࡳᆠᆠ଺ᑇၦ 
ൕ।௑ 11 խױᨠኘࠩڇवጻխ؄ଡၲဲࢤ࣋ნऱဲᣊᖑڶᆠ଺ᑇၦऱֺࠏΖ75%ऱ೯
ဲႛࠠڶԫଡᆠ଺Δຍጟൣݮլ׌شࠌ࣍ܓ૞ᆠ଺ፖڻ૞ᆠ଺ࠐૠጩဲნઌۿ৫ऱֱ

ऄΔڂ੡Օຝ։ऱဲნຟႛࠠڶԫଡ׌૞ᆠ଺Δ୲࣐ທٵګᆠဲऱขسΔ׽૞ਢ׌૞ᆠ

଺ઌٵΔઌۿ৫ױܛሒ່ࠩ೏ऱઌۿ։ᑇΔຍᑌࠌ൓ૠጩ፿რऱֱऄ᧢ऱլড়ᨠΔլ࣐

೴ܑ२ᆠဲऱ၏ᠦΖ 

।௑ 11. वጻխၲဲࢤ࣋ᣊᖑڶᆠ଺ᑇၦ։಻। 

ကচኧໆ 

ຒᜪ 
1 2 3 4 5 6 

ADJ 1.20% 1.68% 32.91% 62.68% 1.36% 0.16% 

ADV 10.86% 2.86% 78.28% 7.99% 0.00% 0.00% 

N 25.45% 26.19% 31.52% 13.28% 3.10% 0.41% 

V 75.45% 7.78% 11.65% 4.37% 0.62% 0.13% 

7. ࿨ᓵፖࠐآՠ܂ 

ឰܒ૞ऱ׌ଡࠟګ։ױឰ೯ဲऱ։ᣊΖଈ٣Δ๵ঞऄܒࠐऄۿ๵ঞऄፖઌشܓᓵ֮խء

Κ૨ഏψ֏ω੡ڕ։ᣊΔࠡࡳެڗऱᣂ᝶ګव೯ဲऱิآᅃࠉΖԫΕڤֱ VHCᣊΖԲΕ
ΚؓؓᙩᙩΙψababωڕ։ᣊΔψaabbωऱ᢯ნ੡णኪᣊΔࠡࡳެٽิګव೯ဲऱዌآᅃࠉ
آΔૠጩဲۿव೯ဲऱઌآބऄঞ༈ۿΔઌڻΚᄷໂᄷໂΖࠡڕᣊΔ܂ऱ᢯ნ੡೯ٽิ
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व೯ဲፖઌဲۿհၴऱઌۿ৫Δ٦ലຍࠄઌࠉဲۿᅃဲᣊ։ิΖൕޢଡဲᣊᅝխנ࠷ K
ଡઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔ൓ࠩآव೯ဲࠩޢଡဲᣊऱؓ݁၏ᠦΔ

ᒔ෷੡إऄऱۿ๵ঞऄፖઌٽፖࠡ၏ᠦ່ઌ२ऱဲᣊΖ࿨ܛव೯ဲऱဲᣊآ 70.80%Ζ 

։࣫ෲྒྷᙑᎄऱآव೯ဲխΔຝ։ऱ᢯ნ੡ֺለߠߔऱࢨဲشਢբᆖဲნ֏ऱဲ

፿Δݺଚ৬ᤜലຍԫຝ։ऱآवဲگᙕࠢڗ࣍խΖࠡڻΔലຝ։ྤऄቃྒྷ։ᣊऱآवဲ

ᙕ᢯ნگፖवጻڍଚՈཚৱᅝಝᒭ፿றᏺݺΔ؆׼፿ψᘗዿ՛߶ωΖګڕᙕ᢯ࠢխΔگ

ᏺڍழΔאױ๠෻׼؆ԫຝٝؾছྤऄ൓ࠩઌۿ։ᑇྤࢨऄ༈ࠩބઌဲۿऱآवဲΖ 

ઌۿऄ୲ࠩ࠹࣐፿றխᙑᎄಛஒऱեឫΔڼڂխઔೃؓᘝ፿ற஄խᑑಖऱլԫીࢤ

ፖຝ։᢯ნߪءऱᑓᒫࢤຟᐙ᥼ࠩݺଚآव೯ဲ۞೯։ᣊऱإᒔ෷Ζ׼؆Δشࠌवጻऱ

ဲნࡳᆠᆠ଺ᑇၦլڍՈᐙ᥼ࠩݺଚૠጩဲნઌۿ৫Ζ 

౨ജڤඨխઔೃؓᘝ፿ற஄խᑑಖլԫીऱ፿றፖᑑಖᑓᒫ፿றऱ๠෻ֱݦଚݺ

൓ࠩޏ࿳ΔՈཚৱޏ࿳৵ऱ࿨࣠౨ജᐙ᥼ݺଚ೯ဲ։ᣊߓอऱய౨Ζ 

ऄۿઌشࠌழՈലٵवဲՂΔآऱڶࢬࠩشऄᚨۿല๠෻೯ဲऱઌ܂ଚऱՠݺࠐآ 
ழٵवဲऱဲᣊ։ᣊΔآቃྒྷאױլႛ࣍ڇ๠ړऄऱۿ፿რऱ։ᣊΖઌ܂वဲآܗᚥࠐ

Ոאױቃྒྷ፿რፖ࿨ዌ։ᣊΖᅝࠟଡ᢯ნઌۿ৫೏ழΔ।قຍࠟଡ᢯ნऱဲᣊΕ፿რᣊ

ፖ࿨ዌؘࡳઌۿΔشܓڼڂઌۿऄլႛאױቃྒྷآवဲऱ։ᣊΔՈאױᚥآܗवဲ܂፿

რՂऱ۞೯։ᣊΔലآवဲፖբڇژऱဲნ፿რጻሁߓอ܂ຑ࿨Ζאઌۿऄቃྒྷآवဲ

ऱဲᣊΕ፿რᣊፖ࿨ዌլႛኙឰဲᑑಖߓอܓڶΔՈലױᚨהࠡࠩش۞ྥ፿ߢऱߓอՂΖ 

೶֮ە᣸ 
խ؇ઔߒೃဲवᢝ஄՛ิΖ«ݾ๬໴ܫ 9305Κխ֮ဲᣊ։࣫»ΖতཽΚխ؇ઔߒೃဲव

ᢝ஄՛ิΔ1993Ζ 
խ؇ઔߒೃဲवᢝ஄՛ิΖ«ݾ๬໴ܫ 9601Κόჼύ֮ᇞڗ---խ֮ဲ੺ઔߒፖᇷಛش։

ဲᑑᄷ»ΖতཽΚխ؇ઔߒೃဲवᢝ஄՛ิΔ1996Ζ 
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֮Δ1993Ζ 
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ጩ፿ߢᖂᄎᓵ֮ႃ»Δ1996Δ଄ 1-29Ζ 
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ම୮ᕐΕाԫᏓΕ೏ᤖྐྵΕ௚ព࿴Ζ«ٵᆠဲဲࣥ»ΖଉཽΚ೸೭ٱ஼塢Δ1984Ζ 
 Δ1988Ζݝ஼سΚᖂקΖ«ዧ፿ဲऄ؁ऄᓵ֮ႃ»Ζፕۃݪྏ
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 ᒵ΋ߕ

।௑ 12. խઔೃဲ஄՛ิဲᣊᑑಖ [1993] 

ຒᜪ኱૶ ᇥܴ ຒᜪ኱૶ ᇥܴ 

A ߚᒏ׎৒ຒ Neu ኧໆۓຒ 

Caa ჹ฻ೱௗຒ Nf ໆຒ 

Cab ೱௗຒ Ng ࡕ࿼ຒ 

Cba ೱௗຒ Nh жӜຒ 

Cbb ᜢᖄೱௗຒ P ϟຒ 

D ୋຒ SHI ࢂ 

Da ኧໆୋຒ T ᇟշຒ 

DE ޑǵϐǵளǵӦ VA ୏բόϷނ୏ຒ 

Dfa ୏ຒ߻ำࡋୋຒ VAC ୏բ٬୏୏ຒ 

Dfa ୏ຒࡕำࡋୋຒ VB ୏բᜪϷނ୏ຒ 

Di ਔᄊ኱૶ VC ୏բϷނ୏ຒ 

Dk ѡୋຒ VCL ୏բϷނ୏ຒɠӦБᇯᇟ

FW ѦЎ኱૶ VD ୏բᚈᇯ୏ຒ 

I ག჎ຒ VE ୏բѡᇯ୏ຒ 

Na ද೯Ӝຒ VF ୏բᒏᇯ୏ຒ 

Nb ஑ԖӜຒ VG ϩᜪ୏ຒ 

Nc ӦБຒ VH ރᄊόϷނ୏ຒ 

Ncd Տ࿼ຒ VHC ރᄊ٬୏୏ຒ 

Nd ਔ໔ຒ VI ރᄊ ᜪϷނ୏ຒ 

Nep ۓࡰжຒ VJ ރᄊϷނ୏ຒ 

Neqa ኧໆۓຒ VK ރᄊѡᇯ୏ຒ 

Neqb ࡕ࿼ኧໆۓຒ VL ރᄊᒏᇯ୏ຒ 

Nes ੝ۓࡰຒ V_2 Ԗ 
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 ᒵΒߕ

।௑ 13. ፿რઌۿ৫ֺૹፖإᒔ෷᧢֏। 
ᇟཀ࣬՟ࡋКख़ 

(w1,w2) 
1(%) 2(%) 3(%) 4(%) 5(%) 6(%) 7(%) 8(%) 9(%) 10(%) ѳ֡(%)

(1,0) 57.60 56.66 57.13 58.64 58.05 57.19 59.31 56.16 56.42 56.50 57.36 

(0.9,0.1) 60.93 58.23 59.23 61.21 59.48 60.22 60.97 58.15 58.22 59.79 59.64 

(0.8,0.2) 60.93 58.23 59.23 61.31 59.05 60.11 60.65 57.93 58.43 59.47 59.53 

(0.7,0.3) 61.68 58.34 59.23 61.31 59.37 60.32 60.76 58.15 58.64 59.15 59.70 

(0.6,0.4) 61.14 58.45 59.55 60.99 59.70 60.00 60.76 57.93 58.54 58.73 59.58 

(0.5,0.5) 61.14 58.13 59.01 61.53 59.59 60.22 60.65 58.04 58.85 59.15 59.63 

(0.4,0.6) 61.14 58.02 58.91 60.56 59.37 59.57 60.23 57.83 58.75 59.05 59.34 

(0.3,0.7) 59.31 57.48 59.23 59.81 58.50 59.89 59.18 57.93 57.90 58.41 58.76 

(0.2,0.8) 58.34 57.59 58.91 58.84 57.64 59.68 57.81 57.51 58.32 57.46 58.21 

(0.1,0.9) 57.70 57.05 58.48 59.05 57.31 59.24 57.38 57.51 58.11 56.93 57.88 

(0,1) 56.90 57.04 58.84 58.54 57.21 58.72 57.67 57.32 59.03 58.07 57.93 
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।௑ 14. ፿რፖဲᣊઌۿ৫ֺૹፖإᒔ෷᧢֏। 
ᇟཀᆶຒᜪКख़ 

( , ) 
1(%) 2(%) 3(%) 4(%) 5(%) 6(%) 7(%) 8(%) 9(%) 10(%) ѳ֡(%) 

(1,0) 60.49 58.64 58.54 58.17 59.85 57.80 61.87 58.19 58.64 57.53 58.97 

(0.9,0.1) 63.40 60.85 62.13 62.13 63.64 60.59 64.21 61.89 62.49 61.57 62.29 

(0.8,0.2) 63.92 60.95 63.82 61.92 64.16 61.86 65.16 62.74 63.33 62.31 63.02 

(0.7,0.3) 64.77 61.38 64.56 62.45 64.38 62.61 65.89 63.05 63.65 62.31 63.50 

(0.6,0.4) 65.51 61.80 64.87 63.50 64.69 63.98 65.68 63.58 63.44 62.74 63.98 

(0.5,0.5) 65.82 61.80 65.08 63.50 64.69 64.62 65.58 63.89 62.80 62.74 64.05 

(0.4,0.6) 65.61 61.69 65.72 63.92 65.64 64.41 65.58 64.11 63.01 63.16 64.29 

(0.3,0.7) 65.51 61.38 65.61 64.35 65.86 64.19 64.84 64.84 62.80 63.27 64.26 

(0.2,0.8) 65.08 61.90 66.03 64.77 65.33 63.88 65.05 64.95 62.70 63.27 64.30 

(0.1,0.9) 65.08 62.01 66.24 64.98 65.22 63.56 65.16 65.16 62.49 62.95 64.29 

(0,1) 52.71 51.43 52.16 51.42 54.86 50.65 48.94 51.60 50.90 52.20 51.69 

।௑ 15. Kଖፖإᒔ෷᧢֏।ΰಝᒭ፿ற੡آव೯ဲα 

KNN 1(%) 2(%) 3(%) 4(%) 5(%) 6(%) 7(%) 8(%) 9(%) 10(%) ѳ֡(%) 

1 63.73 65.30 65.30 66.81 64.28 64.14 61.92 65.13 63.72 65.17 64.55 

2 67.23 67.72 69.30 70.03 67.97 67.09 64.14 68.24 66.09 67.68 67.55 

3 67.44 67.62 70.36 69.82 68.70 67.83 65.51 69.09 65.66 67.89 67.99 

4 68.29 68.25 70.46 70.14 69.13 68.35 65.19 69.20 65.66 67.57 68.22 

5 68.29 68.14 70.68 69.93 68.91 68.14 65.51 69.20 65.77 67.89 68.25 

6 69.25 68.57 70.57 69.61 68.39 68.14 65.72 69.41 65.55 68.20 68.34 

7 68.93 68.57 70.89 69.82 68.39 67.93 65.82 69.09 65.55 67.99 68.30 

8 69.46 68.46 71.10 69.93 68.49 67.51 65.82 69.09 65.23 67.89 68.30 

9 69.88 68.04 70.99 70.14 68.49 67.72 65.72 69.20 65.55 67.99 68.37 

10 69.78 67.72 70.89 70.03 68.18 67.93 65.61 69.09 65.77 68.10 68.31 

20 69.14 67.19 69.94 69.82 68.18 67.41 65.08 68.66 65.23 67.47 67.81 

30 68.50 66.67 69.41 69.30 67.54 66.88 64.56 68.56 64.37 66.84 67.26 
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।௑ 16. Kଖፖإᒔ෷᧢֏।ΰಝᒭ፿ற੡آव೯ဲα 

KNN 1(%) 2(%) 3(%) 4(%) 5(%) 6(%) 7(%) 8(%) 9(%) 10(%) ѳ֡(%) 

1 60.08 61.66 63.89 62.53 63.28 63.41 59.43 60.46 62.30 60.20 61.72 

2 65.93 70.49 69.71 67.68 68.21 68.55 66.09 68.11 69.35 65.93 68.00 

3 68.15 71.91 70.81 69.70 69.11 69.76 67.41 69.82 71.27 67.64 69.56 

4 68.35 71.91 70.71 69.60 69.52 69.96 68.82 70.42 72.28 68.54 70.01 

5 68.25 71.91 70.81 69.90 70.22 70.36 70.13 70.62 72.38 68.94 70.35 

6 68.75 73.12 71.41 70.61 70.12 70.77 70.74 71.33 72.98 69.15 70.90 

7 68.75 72.82 71.72 70.81 69.72 70.67 70.33 71.13 73.29 69.25 70.85 

8 69.05 72.92 71.92 70.91 69.62 70.77 70.84 70.93 73.59 69.35 70.99 

9 68.85 72.52 72.32 70.91 69.42 70.16 71.34 71.23 73.39 69.35 70.95 

10 68.75 73.02 71.92 70.71 69.32 70.06 71.64 71.33 73.08 69.35 70.92 

20 68.45 72.82 73.22 71.01 69.22 70.56 71.44 71.33 72.48 69.95 71.05 

30 68.55 72.62 71.82 70.71 69.62 71.17 70.94 70.93 72.08 70.85 70.93 

40 68.45 72.72 72.02 70.91 69.82 71.27 71.04 71.13 71.88 70.95 71.02 

50 67.64 71.91 71.21 70.00 69.52 70.97 70.64 70.82 71.07 70.35 70.41 

60 67.54 71.70 70.81 69.60 69.32 70.97 69.93 70.82 70.56 70.05 70.13 

70 66.83 71.40 70.81 69.60 68.91 70.87 69.93 70.52 70.36 70.05 69.93 

80 66.83 71.20 70.61 69.29 68.71 70.87 69.73 70.32 70.06 69.85 69.75 

90 66.53 70.89 70.51 69.39 68.51 70.87 69.83 70.22 69.96 69.85 69.66 

100 66.53 70.89 70.51 69.19 68.61 70.87 69.83 70.22 69.96 69.95 69.66 
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Abstract 

Word sense is ambiguous in natural language processing (NLP). This phenomenon 
is particularly keen in cases involving noun-verb (NV) word-pairs. This paper 
describes a sense-based noun-verb event frame (NVEF) identifier that can be used 
to disambiguate word sense in Chinese sentences effectively. A knowledge 
representation system (the NVEF-KR tree) for the NVEF sense-pair identifier is 
also proposed. We use the word sense of Hownet, which is a Chinese-English 
bilingual knowledge-base dictionary. 

Our experiment showed that the NVEF identifier was able to achieve 74.8% 
accuracy for the test sentences studied based only on NVEF sense-pair knowledge. 
By applying the techniques of longest syllabic NVEF-word-pair first and exclusion 
word checking, the sense accuracy for the same test sentences could be further 
improved to 93.7%. There were four major reasons for the incorrect cases: (1) lack 
of a bottom-up tagger, (2) lack of non-NVEF knowledge, (3) inadequate word 
segmentation, and (4) lack of a multi-NVEF analyzer. If these four problems could 
be resolved, the accuracy would reach 98.9%. 

The results of this study indicate that NVEF sense-pair knowledge is effective for 
word sense disambiguation and is likely to be important for general NLP. 

Keywords: word sense disambiguation, event frame, top-down identifier, Hownet 

1. Introduction 

Word sense disambiguation (WSD) has been a pervasive problem in natural language 
processing (NLP) since 1949 [Weaver 1949]. Word sense ambiguity (or lexical ambiguity), is 
generally classified into two types: syntactic and semantic ambiguity [Small et al. 1988, 
Krovetz et al. 1992]. Syntactic ambiguity is caused by differences in syntactic categories (e.g. 

                                                 
* Institute of Information Science, Academia Sinica, Nankang, Taipei, Taiwan, R.O.C. 
 E-mail: {tsaijl,hsu,raycs}@iis.sinica.edu.tw 



 

 

30                J. L. Tsai et al. 

“play” can occur as a noun or verb). Semantic ambiguity is caused by homonymy (e.g. “bank” 
in “to put money in a bank,” “the bank of a river”) or polysemy (e.g. “face” in “human face,” 
“face of a clock”). Although many approaches have been adopted to disambiguate word sense, 
algorithms for word sense determination still are not reliable [Krovetz et al. 1992, Resnik et al. 
2000]. Human beings usually can disambiguate word sense by using additional information 
from the speaker, the writer or the context. When out-of-context (or out-of-sentence) 
information is not symbolized and processed in the computer, WSD either becomes very 
difficult or, sometimes, impossible. Therefore, it is crucial to investigate what kind of 
knowledge is useful for WSD [Krovetz et al. 1992]. 

According to a study in cognitive science [Choueka et al. 1983], people often disambiguate 
word sense using only a few other words in a given context (frequently only one additional 
word). Thus, the relationships between one word and others can be effectively used to resolve 
ambiguity. Furthermore, from [Small et al. 1988, Krovetz et al. 1992, Resnik et al. 2000], 
most ambiguities occur with nouns and verbs, and the object-event (i.e. noun-verb) distinction 
is a major ontological division for humans [Carey 1992]. However, no clear data has been 
collected to support these claims. These observations motivated us to demonstrate through an 
experiment, how noun-verb (NV) relationships can be used to disambiguate word sense in 
Chinese sentences. 

In this paper, we shall focus on word sense disambiguation involving NV word-pairs since 
these are most troublesome. Consider the following sentence: “這輛車行駛順暢 (This car 
moves well).” In this sentence, we have two possible NV word-pairs, “車-行駛 (car, move)” 
and “車行-駛(auto-shop, move).” It is clear that the permissible NV word-pair is “車-行駛
(car, move).” We shall call such a permissible NV word-pair an NV-event frame (NVEF) 
word-pair. Using a collection of pre-learned NVEF word-pairs, we can identify the NVEF 
word-pair “車-行駛” from the sentence “這輛車行駛順暢.” The word “車” in a dictionary 
can have three possible senses: ‘ surname’  (noun), ‘ car’  (noun) and ‘ turn’  (verb). To resolve 
this ambiguity, we can use the pre-defined sense of the NVEF word-pair “車-行駛(car, 
move)” to determine that the correct sense of the Chinese word “車” is “car” in the above 
Chinese sentence. 

In this paper, we shall show that knowledge of NVEF sense-pairs (to be defined in Section 2) 
can be effectively used to resolve word sense ambiguity. In the next section, we will propose 
an NVEF sense-pair identifier, which is based on pre-stored knowledge of NVEF sense-pairs. 
We use this NVEF sense-pair identifier to identify NVEF word-pairs in an input sentence and 
to determine the corresponding word senses. In Section 3, we will present and analyze the 
results of a WSD experiment on a set of test sentences using the NVEF sense-pair identifier. 
Finally, we will give conclusions and directions for future research in Section 4. 
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2. Development of an NVEF Sense-Pair Identifier 

We use Hownet [Dong] as our system’ s Chinese machine-readable dictionary (MRD). Hownet 
is a Chinese-English bilingual knowledge-base dictionary, which provides knowledge of the 
Chinese lexicon, parts-of-speech (POS) and word senses. 

2.1 Definition of an NVEF Sense-Pair 
The sense of a word is defined as its DEF (concept definition) in Hownet. Table 1 lists three 
different senses of the Chinese word “車 (Che/car/turn).” In Hownet, the DEF of a word 
consists of its main feature and secondary features. For example, in the DEF “character|文
字,surname|姓,human|人,ProperName|專” of the word “車 (Che),” the first item “character|文
字” is the main feature, and the remaining three items, “surname|姓,” “human|人,” and 
“ProperName|專,” are its secondary features. The main feature in Hownet can inherit features 
in the hypernym-hyponym hierarchy. There are approximately 1,500 features in Hownet. Each 
of these features is called a sememe, which refers to the smallest semantic unit that cannot be 
further reduced. 

Table 1. Three different senses of the Chinese word “車(Che/car/turn).”                  

C.Word a  E.Word a Part-of-speech  Sense (i.e. DEF in Hownet)  

車   Che  Noun      character|文字, surname|姓, human|人, ProperName|專 
車   car  Noun      LandVehicle|車 
車   turn  Verb      cut|切削 

a C.Word refers to a Chinese word; E.Word refers to an English word 

The Hownet dictionary used in this study contains 50,121 Chinese words, among which 
there are 29,719 nouns, 16,652 verbs and 16,242 senses (including 9,893 noun-senses and 
4,440 verb-senses). Table 2 gives the statistics of the number of senses per Chinese word and 
the number of Chinese words per sense used in Hownet. 

Table 2. Statistics of the number of senses per Chinese word and the number of 
Chinese words per sense used in Hownet. 

Item a        Total  Noun  Verb 

Maximum number of senses per Chinese word 27  14  24 
Mean number of senses per Chinese word  1.24  1.14  1.23 
Maximum number of Chinese words per sense 374  372  129 
Mean number of Chinese words per sense  3.8  3.0  4.6 

a Similar WordNet statistics can be found in [Voorhees 1993]. (WordNet is a trademark of Princeton 

University.) 
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Now, take the NV word-pair “車-行駛 (car, move)” for example. According to the sense of 
the Chinese word “車 (Che/car/turn)” and the sense of the Chinese word “行駛 (move),” the 
only permissible NVEF sense-pair for the NV word-pair “車 -行駛 (car, move)” is 
“LandVehicle|車”-“VehicleGo|駛.” We call such a permissible NV sense-pair an NVEF 
sense-pair in this paper. Note that an NVEF sense-pair is a class that includes the permissible 
word-pair instance “車-行駛(car, move).”  

2.2 Knowledge Representation Tree of NVEF Sense-Pairs 
A knowledge representation tree (KR-tree) of NVEF sense-pairs is shown in Fig.1. There are 
two types of nodes in the KR-tree, namely, function nodes and concept nodes. Concept nodes 
refer to words and features in Hownet. Function nodes are used to define the relationships 
between their parent and children concept nodes. If a concept node A is the child of another 
concept node B, then A is a subclass of B. Following this convention, we can omit the 
function node “subclass” (which should exist) between A and B. We can classify the 
noun-sense class (名詞詞義分類) into 15 subclasses according to their main features. They 
are “微生物 (bacteria),” “動物類 (animal),” “人物類 (human),” “植物類 (plant),” “人工物
(artifact),” “天然物  (natural),” “事件類  (event),” “精神類  (mental),” “現象類
(phenomena),” “物形類 (shape),” “地點類 (place),” “位置類 (location),” “時間類 (time),” 
“抽象類 (abstract)” and “數量類 (quantity).” Appendix A gives a sample table of 15 main 
features of nouns in each noun-sense subclass.  

 
Figure 1 An illustration of the KR-tree using “人工物
(artifact)” as an example noun-sense subclass. (The English 
words in parentheses are there for explanatory purposes only.) 
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Three function nodes are used in the KR-tree as shown in Fig. 1: 

(1) Major-Event (主要事件): The content of its parent node represents a noun-sense 

subclass, and the content of its child node represents a verb-sense subclass. A 

noun-sense subclass and a verb-sense subclass linked by a Major-Event function 

node is an NVEF subclass sense-pair, such as “&LandVehicle|車” and “=VehcileGo|

駛” in Fig. 1. To describe various relationships between noun-sense and verb-sense 

subclasses, we have designed three subclass sense-symbols, in which “=” means 

“exact,” “&” means “like,” and “%” means “inclusive.” An example using these 

symbols is given below.  

Given three senses S1, S2 and S3 defined by a main feature A and three 

secondary features B, C and D, let 

S1 = A, B, C, D, 

S2 = A, B, and 

S3 = A, C, D. 
Then, we have that sense S2 is in the “=A,B” exact-subclass; senses S1 and S2 

are in the “&A,B” like-subclass; and senses S1 S2, and S3 are in the “%A” 

inclusive-subclass. 

(2) Word-Instance (實例): The content of its children are the words belonging to the 

sense subclass of its parent node. These words are self-learned by the NVEF 

sense-pair identifier according to the sentences under the Test-Sentence nodes. 

(3) Test-Sentence (測試題): The content of its children is several selected test sentences 

in support of its corresponding NVEF subclass sense-pair. 

2.3 Generation of NVEF Sense-Pairs 
To speedup the creation of the KR-tree, an example-based algorithm is proposed to generate 
the KR-tree semi-automatically. This algorithm is described below. 

Step 1. Select a noun-sense, such as “disease|疾病,” in Hownet. 

Step 2. Collect all Chinese polysyllabic words of the selected noun-sense. (Monosyllabic 
words are not considered at this stage.) 

Step 3. Select those Chinese un-segmented sentences that include at least one word 
collected in Step 2 from the Sinica corpus (which is a Chinese corpus of two 
millions words [CKIP 1995]) or other domain specific collections. For example, 
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the Chinese sentence “醫生的職責就是預防與治療疾病 (A doctor’ s job is to 
prevent a disease and to cure the patient)” is a candidate sentence that includes 
the Chinese word “疾病 (disease).”  

Step 4. Find all possible verb-senses from the sentences selected in Step 3 to form all 
possible verb-senses for the selected noun-sense. Calculate the frequency for each 
verb-sense. 

Step 5. Sort all possible different verb-senses according to their corresponding 
frequencies from large to small. (See Fig. 2) Determine a cut-off frequency in the 
list. Among all verb-senses above the cut-off frequency, manually pick the 
permissible ones for the selected noun-sense. Meanwhile, determine their 
subclass sense-symbols (i.e. “&,” “%” and “=”.) 

Step 6. Add these permissible NVEF subclass sense-pairs to the KR-tree. 

Note that among the above steps, only step 5 requires human intervention. This step is quite 
laborious, but through learning, human involvement can be greatly reduced. Fig. 2 shows the 
top 5 possible verb-senses picked by the above algorithm for the noun-sense “disease|疾病” 
collected from 302 sentences in the Sinica corpus. In Fig. 2, the permissible verb-senses for 
the noun-sense “disease|疾病” are “cure|醫治” with a frequency of 24, “Cause Affect|傳染, 
medical|醫” with one of 23, “Result In|導致” with one of 19 and “obstruct|阻止” with one of 
14. It is observed that, if the number of sentences collected in Step 3 is greater than 300, then 
the top 5 verb-senses will almost always form NVEF sense-pairs with the selected noun-sense. 

 

 
Figure 2 Top 5 possible verb-senses for creating permissible 
NVEF sense subclasses for the noun-sense “disease|疾病.” 
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2.4 A Primitive NVEF Sense-Pair Identifier 
Based on the KR-tree, we shall develop a primitive NVEF sense-pair identifier as follows. For 
a given sentence, the algorithm will first identify all NVEF sense-pairs in the KR-tree that 
have corresponding NVEF word-pairs in the sentence. It will then arrange these NVEF 
sense-pairs and their corresponding NVEF word-pairs into a tree, called a sentence-NVEF tree, 
as shown in Fig. 3. 

 
Figure 3 Two sentence-NVEF trees for the input Chinese 
sentences (a) “這輛車行駛順暢” (a single-NVEF sentence) 
and (b) “趕馬入畜欄” (a multi-NVEF sentence), respectively. 

A more formal description of the primitive NVEF sense-pair identifier is given below:  

Step 1. Input a sentence. 

Step 2. Generate all possible NV word-pairs of the input sentence. 

Step 3. Check each NV word-pair got in step 2 to see if its corresponding NV 

sense-pairs can be matched to an NVEF subclass sense-pair in the KR-tree. If 

matches are found, then use the corresponding noun-senses and verb-senses to 

form the permissible NVEF sense-pairs, respectively, for this sentence. 
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Step 4. Arrange all permissible NVEF sense-pairs and their corresponding NVEF 

word-pairs in a sentence-NVEF tree. 

A system overview of the primitive NVEF sense-pair identifier is given in Fig. 4. 

 

primitive NVEF
sense-pair
identifier

KR tree

semi-automatic NVEF
generation

sentence-NVEF treesentence

Hownet

 
Figure 4 System overview of the primitive NVEF sense-pair 
identifier. 

2.5 An NVEF Sense-Pair Identifier 
In Fig. 3, the correct segmented results of the two Chinese sentences are “這/輛/車/行駛/順
暢” and “趕/馬/入/畜欄,” respectively. The upper part of Fig. 3 is a sentence-NVEF tree with 
a single NVEF sense-pair, “LandVehicle|車”- “VehicleGo|駛,” which has two corresponding 
NV word-pairs, i.e. “車-行駛” and “車-駛.” If we further apply the “ longest syllabic 
NVEF-word-pair first” strategy (LS-NVWF), the incorrect NVEF word-pair “車-駛” will be 
successfully dropped. Note that the “longest syllabic word first strategy” is an effective 
technique for Chinese word segmentation [Chen et al. 1986]. The lower part of Fig. 3 is a 
sentence-NVEF tree with two NVEF sense-pairs including “expel|驅趕”-“livestock|牲畜” 
(NV word-pair is “馬-趕”) and “facilities|設施, space|空間, @foster|飼養, #livestock|牲
畜”-“GoInto|進入” (NV word-pair is “畜欄-入”). 

Another useful technique is to exclude certain nouns or verbs from the sentence-NVEF tree. 
A word with very low frequency as a noun or a verb is treated as a word of exclusion for the 
NVEF sense-pair identifier. Take the Chinese word “的 (of/target)” as an example. Its 
frequency as a noun or a verb is only 0.004% (computed according to the Sinica corpus). Thus, 
“的” becomes a word of exclusion. In our experiment, the exclusion word list (EWL) consists 
of those words whose frequencies as nouns or verbs are no greater than 5%. When an NVEF 
word-pair includes at least one exclusion word, its corresponding NVEF sense-pair is 
excluded from the sentence-NVEF tree. This process is called EWL checking. Appendix B 
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lists all of the exclusion words used in this experiment. 

Thus, our final NVEF sense-pair identifier can be described as follows. 

Step 1. Input a sentence. 

Step 2. Generate all possible NV word-pairs of the input sentence. Exclude certain 

word-pairs based on EWL checking. 

Step 3. Check each NV word-pair to see if its corresponding NV sense-pairs can be 

matched to an NVEF subclass sense-pair in the KR-tree. For each NV sense-pair 

that matches an NVEF subclass sense-pair in the KR-tree, use it to the set of 

permissible NVEF sense-pairs, respectively, for this sentence. Resolve conflicts 

using the LS-NVWF strategy. 

Step 4. Arrange all permissible NVEF sense-pairs and their corresponding NVEF 

word-pairs in a sentence-NVEF tree.  

A system overview of the NVEF sense-pair identifier is given in Fig. 5. 

NVEF sense-
pair identifier

KR tree

semi-automatic NVEF
generation

sentence-NVEF tree

LS-NVWF & EWL checking

sentence

Hownet

 
Figure 5 A system overview of the NVEF sense-pair identifier. 

To evaluate the WSD performance of the NVEF sense-pair identifier, we will consider a 
WSD experiment in the next section. 

3. The WSD experiment 

Within a sentence, the number of available NVEF sense-pairs is finite. Consider the Chinese 
sentence “這輛車行駛順暢 (This car moves well).” Table 3 gives eight possible pairs of 
NVEF senses found in this sentence, but there is only one permissible NVEF sense-pair, 
“LandVehicle|車”-“VehicleGo|駛.”  
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To evaluate the performance of WSD by using the NVEF sense-pair identifier with the 
KR-tee, we define the NVEF sense accuracy for a set of test sentences to be  

NVEF sense accuracy = # of successful sentences / # of test sentences,             (1) 
where a sentence is successful if all NVEF sense-pairs and their corresponding NVEF 
word-pairs obtained from the NVEF sense-pair identifier are correct for this sentence. With 
the KR-tree, the WSD performance for the test sentences can be evaluated by computing the 
NVEF sense accuracy. This equation is designed from the viewpoint of natural language 
understanding. Since NVEF sense-pairs often represent a key feature in the meaning of a 
sentence, any incorrect NVEF sense-pair identification could result in misunderstanding this 
sentence. 

Table 3. Eight possible pairs of NVEF senses found in the Chinese sentence “這輛車
行駛順暢 (This car moves well).” 

C.Word / Noun-sense        C.Word / Verb-sense   P.NVEF a 

這 / time|時間         行駛 / Go|駛  No 

這 / time|時間         車 / cut|切削  No 

這 / time|時間         車 / irrigate|澆灌 No 

車 / LandVehicle|車        行駛 / VehicleGo|駛 Yes 

車 / character|文字,surname|姓,human|人,ProperName|專 行駛 / VehicleGo|駛 No 

車 / machine|機器        行駛 / VehicleGo|駛 No 

車 / part|部件,%tool|用具,#recreation|娛樂    行駛 / VehicleGo|駛 No 

車 / LandVehicle|車        駛 / VehicleGo|駛 Yes 
a P.NVEF represents a permissible NVEF sense-pair. 

3.1 WSD Evaluation 
The framework of WSD evaluation for the NVEF sense-pair identifier is as follows. 

1.Select a set of Chinese test sentences from the Sinica Corpus [CKIP 1995] randomly. 

2.Use the tool of example-based possible NVEF generation to search and create all 
permissible NVEF subclass sense-pairs found in these test sentences in the KR-tree. 

3.Apply the NVEF sense-pair identifier to these test sentences and obtain their 
corresponding sentence-NVEF trees. 

4. Compute the NVEF sense accuracy for the test sentences using Equation 1. 

In this study, we analyzed 7.7% (=764/9,893) of the noun-senses in Hownet and created 
4,028 NVEF subclass sense-pairs in the KR-tree. The minimum, maximum and mean of 
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characters per sentence (of the 445 Chinese test sentences) were 4, 24 and 11.5, respectively. 
In addition, the numbers of single-NVEF sentences and multi-NVEF sentences among the test 
sentences were 96 and 349, respectively. 

We conducted the experiment in a progressive manner. The NVEF sense accuracy of the 
test sentences determined using the NVEF sense-pair identifier with only the knowledge of 
the KR-tree was 74.8% (see Table 4). When the strategy of adopting the longest syllabic 
NVEF-word-pair first (LS-NVWF) was used together with the NVEF sense-pair identifier, the 
NVEF sense accuracy reached 87.6%. When the exclusion word list (EWL checking) was 
adopted together with the NVEF sense-pair identifier, the NVEF sense accuracy reached 
89.2%. When the techniques of both LS-NVWF and EWL checking were adopted with the 
NVEF sense-pair identifier (see Table 4), the NVEF sense accuracy improved to 93.7%. 
Meanwhile, along with the NVEF sense-pair identifier, the word-segmentation accuracy (for 
those ambiguous NVEF word-pairs) for these sentences was 99.6% (443/445). This result also 
supports the aforementioned claim that the NVEF word-segmentation accuracy was better 
than the NVEF sense accuracy. Appendix C presents two successful and one unsuccessful 
sentence-NVEF trees obtained in this experiment. 

Table 4. Results of the WSD experiment for 445 Chinese un-segmented test sentences. 

# of NVEF  NVEF sense accuracy   Using LS-NVWF a   Using EWLb      Using Bothc 

4,028  74.8%(333/445)     87.6%(390/445)     89.2%(397/445)  93.7%(417/445) 
a “Using LS-NVWF” represents NVEF sense accuracy using LS-NVWF with the NVEF sense-pair 

identifier. 
b “Using EWL” represents NVEF sense accuracy using EWL checking with the NVEF sense-pair identifier. 
c “Using Both” represents NVEF sense accuracy using both LS-NVWF and EWL checking with the NVEF 

sense-pair identifier. 

3.2 An Analysis of the Unsuccessful Cases 
Although the NVEF sense accuracy could reach 93.7% when the techniques of both 
LS-NVWF and EWL checking were adopted with the NVEF sense-pair identifier, there was 
still a room for improvement. Below, we have classified the reasons behind the unsuccessful 
cases into four major types: 

(1) Lack of a bottom-up tagger: There are many specific linguistic units, such as names, 

addresses, determinative-measure compounds, etc. in sentences which need to be recognized 

in order to supplement the NVEF sense-pair identifier (which works in a top-down fashion). 

In this study, 6 sentences were unsuccessful for this reason. Although the techniques of 

LS-NVWF and EWL checking inadvertently resolved these cases, this is still a potential 

problem. 
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(2) Lack of Non-NVEF knowledge: Consider the Chinese sentence, “太太要掌握先生的荷包 

(A wife wants to take her husband’ s wallet into her hands).” There were three different 

noun-senses of the Chinese word, “先生(teacher/doctor/husband),”  which could form an 

NVEF sense-pair with the verb-sense “掌握 (take…into one’ s hands).” To get the correct 

noun-sense “先生 (husband)” for this sentence, we need the knowledge of a noun-noun (NN) 

sense-pair, such as “太太 (wife)”-to-“先生 (husband),” or other contextual information. 

This knowledge is not available from the KR-tree and needs to be collected separately. In 

this study, 15 sentences were unsuccessful for this reason, and this problem could not be 

resolved using the technique of LS-NVWF or EWL checking. 

(3) Inadequate word segmentation: Consider the Chinese sentence, “他以滿分得到冠軍(He 

obtained the championship with a full mark).” There were two possible verbs with the same 

verb-sense “分得 (obtain)” and “得到 (obtain)” that could form NVEF sense-pairs with the 

noun-sense “冠軍 (champ).” In this case, we have two conflicting NVEF sense-pairs and 

need a better segmentation algorithm to determine that the correct verb are “得到 (obtain)” 

for this sentence (the correct segmented result of this sentence is “他/以/滿分/得到/冠軍”). 

In this study, 3 sentences were unsuccessful for this reason, and this problem could not be 

resolved using the technique of LS-NVWF or EWL checking. 

(4) Lack of a multi-NVEF analyzer: Consider the Chinese sentence “搭飛機離開台北 (Take 

airplane to leave Taipei).” The NVEF sense-pair identifier detected that there were three 

NVEF sense-pairs: N1-V1: [N1=飛機  (airplane),V1=搭  (take)], N2-V2: [N2=台北

(Taipei),V2=離開  (leave)], and N3-V3: [N3=飛機  (airplane),V3=離開  (leave)] in the 

sentence. In this case, N1-V1 and N2-V2 can be used to construct a permissible bi-NVEF 

sequence V1-N1V2-N2 , which will compete with the NVEF sense-pair N3-V3 . Currently, 

such cases are not analyzed since our system does not yet have the knowledge of permissible 

multi-NVEF sense-pairs. In this study, 5 sentences were unsuccessful for this reason, and 

this problem could not be resolved using the technique of LS-NVWF or EWL checking. 

If these four problems could be resolved, the NVEF sense accuracy could be improved to 
(417+15+3+5) / (445) = 98.9%. 

Based on this experiment, we find that our NVEF sense-pair identifier has the potential to 
provide the following information for a given sentence: (1) main verbs, (2) nouns, (3) NVEF 
word-pairs, (4) NVEF sense-pairs, (5) NVEF phrase-boundaries, and (6) the initial 
relationship among multi-NVEF sense/word-pairs. A correct NVEF sense-pair will naturally 
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include the correct NVEF word-pair for word segmentation. However, the converse is not true. 
That is, a correct NVEF word-pair cannot guarantee that the corresponding NVEF sense-pair 
is permissible. Thus, the NVEF word-segmentation accuracy is normally better than the 
NVEF sense accuracy. 

4. Conclusions and Directions for Future Research 

In this paper, we have described an NVFE sense-pair identifier which we attempted to use to 
disambiguate word sense in Chinese sentences. A WSD experiment was conducted using the 
NVEF sense-pair identifier with the KR-tree. The knowledge in the KR-tree was created with 
the help of a semi-automatic NVEF generation tool. 

Based on current techniques, our experiment showed that the NVEF sense accuracy reached 
93.7% and the NVEF word-segmentation accuracy 99.6%. We have indicated, in Section 3, 
several ways to further improve the performance of our system, some of which are currently 
being studied.  

Our experiment indicated that NVEF sense-pair knowledge can be used effectively to 
achieve NVEF word-sense disambiguation in Chinese sentences. It also supports the claim in 
[Choueka et al. 1983] that people usually disambiguate word sense using only a few words 
(frequently only one word) in the given context. We are particularly pleased to note that the 
NVEF knowledge can achieve high accuracy in NVEF word-segmentation since correct 
word-segmentation is one key to a successful Chinese NLP [Slocum et al. 1985]. 

Although we have a semi-automatic NVEF generation tool, it was still a laborious task to 
create our current level of NVEF knowledge, which constitutes only 7.7% of the entire NVEF 
knowledge. Hence, a systematic method for fully automatic NVEF knowledge generation is 
highly desired. Furthermore, we will try to develop a combined top-down and bottom-up 
NVEF sense-pair identifier that can address the issues involved in the four unsuccessful cases 
described in Section 3. 

We plan to create a full fledged KR-tree so that we can investigate the robustness of the 
sense-based approach for monolingual and bilingual (e.g. English-Chinese) WSD. The study 
of NVEF will also be extended to noun-noun pairs, noun-adjective pairs and verb-adverb pairs. 
Another related research goal is to apply the NVEF sense-pair identifier to other fields of NLP, 
in particular, document classification, information retrieval, question answering and speech 
understanding. 
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Appendix A. A Sample Table of the Main Features of Nouns and their 
corresponding Noun-Sense Classes 
An example Main Feature  Noun-sense Class 

bacteria|微生物    微生物 

AnimalHuman|動物   動物類 

human|人     人物類 

plant|植物     植物類 

artifact|人工物    人工物 

natural|天然物    天然物 

fact|事情     事件類 

mental|精神    精神類 

phenomena|現象    現象類 

shape|物形     物形類 

InstitutePlace|場所   地點類 

location|位置    位置類 

attribute|屬性    抽象類 

quantity|數量    數量類 

 

Appendix B. Exclusion Word List 
I. Monosyllabic exclusion words 
/之/的/不/與/兩/再/以/了/較/就/次/得/於/已/把/都/太/一/某/最/ 

/內/均/原/由/被/全/初/及/將/該/總/塊/項/和/二/從/三/凡/尚/前/ 

/十/極/番/元/件/甚/因/甲/向/才/四/本/若/先/便/五/粒/常/卅/後/ 

/左/曾/竟/廿/八/支/六/著/首/剛/應/篇/能/七/終/依/位/暫/共/須/ 

/中/九/時/可/俱/整/謹/宜/邊/往/批/夥/在/唔/年/諸/略/束/特/磅/ 
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II. Polysyllabic exclusion words 
/所以/不能/不會/是否/之間/終於/不必/唯一/西方/恐怕/連續/ 

/必須/不妨/大家/不得/一旦/初步/據說/看來/全面/臨床/無數/ 

/依法/國立/過度/突然/通常/一同/單一/大力/純粹/大都/當然/ 

/種種/大概/國有/順便/總是/不再/默默/無不/那麼/黑白/個人/ 

/四處/自行/恰好/終究/最佳/一心/十分/甚為/私立/一起/可以/ 

/多元/所有/依然/現成/正好/針對/一般/難怪/等到/到底/應該/ 

/貿然/獨家/原先/根據/微微/不勝/國產/整整/衷心/好些/安然/ 

/慈善/為什麼/一下子/一塊兒/非正式/ 

Appendix C. Three sentence-NVEF trees used in this study 
I. Successful sentence-NVEF tree 
+林震南舉起手中煙袋 (Lin Cheng-Nan picks up the pipe on his hand.) 

+--+N1 

+--+--+tool|用具, *addict|嗜好 

+--+--+--+煙袋 (pipe) 

+--+V1 

+--+--+lift|提昇 

+--+--+--+舉起 (pick up) 

 
II. Successful sentence-NVEF tree 
+我所下的部分結論 (Parts of conclusion I have given.) 

+--+N1 

+--+--+thought|念頭, $decide|決定 

+--+--+--+結論 (conclusion) 

+--+V1 

+--+--+announce|發表/V 

+--+--+--+下 (give) 
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III. Unsuccessful sentence-NVEF tree that includes one incorrect word sense: 
“樹 (put)” 
+樹上掛著黃絲帶 (Yellow silk ribbons are hung on the tree.) 

+--+N1 

+--+--+tool|用具, linear|線, *fasten|拴連, *decorate|裝飾 

+--+--+--+絲帶 (silk ribbon) 

+--+V1  

+--+--+put|放置 

+--+--+--+樹 (put) 

+--+N2 

+--+--+tool|用具, linear|線, *fasten|拴連, *decorate|裝飾 

+--+--+--+絲帶 (silk ribbon) 

+--+V2 

+--+--+ hang|懸掛 

+--+--+--+掛 (hang) 
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Abstract 

This thesis presents a description of a semantic disambiguation model applied in 
the syntax parsing process of the machine translation system.  

The model uses Hownet as its main semantic resource, which is a common-sense 
knowledge base unveiling inter-conceptual relations and inter-attribute relations of 
concepts as connoting in lexicons of the Chinese and their English equivalents. It 
can provide rich semantic information for our disambiguation. 

The model makes the word sense and structure disambiguation in the way of 
�“preferring�”. �“preferring�” is applied in the results produced by the parsing process. 
It combines the rule-based method and statistic based method.  

First we extract from a large the co-occurrence information of each sense-atom. 
The corpus is untagged so the extracting process is unguided. We can construct 
restricted rules from the co-occurrence information according to certain transfer 
template. The semantic entry of a word in the Hownet is made of sense-atoms, so 
we can make out the restricted rules for each entry of any word.  

During the course of disambiguation, the model constructs the context-related 
words set for each notational word in the input sentence. The semantic collocation 
relations between notional words can play a very important role in the syntax 
structure disambiguation. Our evaluation of some candidates is based on the degree 
of tightness of match between notional words in the structure. We compare the 
context-related words set of the word in the current structure with all the restricted 
rules of the word in the lexicon, and find the best match. Then the entry with the 
best match is taken as the word�’s explanation. And the degree of similarity shows 
how the word in the structure matches with other notional words in it, so it can be 
taken as the reference of the notional words. Because the discrepancy of different 
candidate parses of a structure, the same word has different content-related words 
set, and so will get different scores. We can calculate the best match according to 
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the score of all the notional words of the sentence. In this way we can solve the 
most of word sense disambiguation and structural disambiguation at the same time. 

The semantic disambiguation model proposed in this thesis has been implemented 
in MTG system. Our experiment shows that the model is very effective for this 
purpose. And it is obviously more tolerant and much better than traditional YES or 
NO clear cut method.  

In this thesis we first put forward the general idea of the method and give a brief 
introduce to the Hownet Dictionary. Then we give the methods of extracting 
co-occurrence information for each sense-atom from the corpus and transferring 
this information to restricted rules. Then the algorithm of disambiguation is 
proposed with detail, which includes constructing context-related words set, the 
calculation of the similarity between atom-senses, and between restricted-rules and 
the context-related sets. The experiment result given in the end of the paper shows 
that the method is effective. 

Keywords: Word Sense Disambiguation, Hownet, InterLigua, Sense Atom, Corpus, 
Semantic Environment 

�

1. ছߢ 

 ։࣫ऱࣴᆠ௣ᇞംᠲء֮ 1.1

ࣴᆠਢ۞ྥ፿ߢխཏሙڇژऱ෼ွΖࠡઔױߒಳᄩ۟ݦײᢊழཚऱࠅ㠪ཎڍᐚΔڇהπՠ

ࠠᓵΘ᥯᠄ᒧρխ༉൶ಘԱ۞ྥ፿ߢऱࣴᆠംᠲΖ1930ڣΔ஑ཏཤ(W.Empson)࿇।Աπࣴ
ᆠऱԮጟᣊীρ(Seven Types of Ambiguity)ԫ஼Δၲࡨൕ፿ߢ෻ᓵऱߡ৫ઔࣴߒᆠംᠲΖ
ઝۦ(J.G.Kooij)࣍ ߓऱࣴᆠၞԵԱߢऱࣴᆠρঞᑑ፾ထ۞ྥ፿ߢ࿇।ऱπ۞ྥ፿ڣ1971
อ֏ऱઔߒၸ੄Ζڇ෼ז፿ߢᖂऱ࿇୶׾ՂΔϘࣴᆠംᠲ᜔ਢګ㻽ਬଡᄅऱ፿ߢᖂ੔ഹ

ದழٻႚอೄၞچᚰऱડధՑϙ[࠸ܨྉ 1984, ႑ݳ೛ 1995] 

ࣴᆠ༉ਢٵԫڤݮፖլٵऱრᆠ㶷سᜤᢀΖڇ۞ྥ፿ߢ๠෻խΔࣴᆠਢԫଡլ౨ڃ

ᝩۖ׊ՈྤऄڃᝩऱംᠲΔ،ګ㻽۞ྥ፿ߢऱ۞೯։࣫ऱ؎ՕᎽᡶհԫΖ 

ዧ፿ऱࣴᆠԫ౳אױ։㻽אՀࠟጟᣊী[႑ݳ೛ 1995, ૒ਞऄ ࿛]Κ 
ʻ˄ʼʳ ဲऱڍᆠΔԾጠ᢯ნࣴᆠΔٵܛԫဲ፿ױ౨ࠠڍڶଡլٵऱᆠႈΙڕϘؚϙԫဲ

ऱრᆠΙʳٵլڶഗϙΕϘؚԳϙխ༉چϙΕϘؚ಺ϙΕϘؚ෺ϙΕϘؚڗϘؚڇ

(2) ࿍፿ऱݮٵฆዌΔԾጠ࿨ዌࣴᆠΔٵܛጟิٽথܶڶլٵऱ؁ऄפ౨࿨ዌΖڕ
ϘVP+ऱ+ਢ+NPϙ༉ਢԫଡࣴڶᆠऱ࿨ዌΚ 
Ϙފዝऱਢԫଡዝ୉ϙ 
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ຍ؁ᇩאױ෻ᇞ㻽Ϙԫଡዝ୉ފዝԱᏣխਬଡۥߡϙ(Ϙފዝऱϙਢਜࠃ)ΔՈאױ
෻ᇞ㻽Ϙ๯ފዝګԫଡዝ୉ϙ(Ϙފዝऱϙऱਢࠃ࠹)Ζ 

ᝫڶϘN1+N2+N3ϙΔאױ๯෻ᇞ㻽((N1+N2)+N3)ΔՈאױ෻ᇞ㻽(N1+(N2+N3))Ζ
ຍᣊऱࣴᆠ࿨ዌڇዧ፿խڶৰڍΔ،ԫऴਢ፿ऄᖂ୮ઔߒऱᑷរംᠲΖ 

ጟऱᙇᖗΔۖ࿨ዌࣴᆠ।෼㻽؁ऄ։࣫ڍڶᖲᕴ៬᤟խΔ᢯ნࣴᆠ।෼㻽᤟֮ᄎڇ

խΔԫଡဲ፿ׂࢨ፿ױ౨ᄎ㶷سԫଡאՂ࿨ዌլٵऱ։࣫࿨࣠Ζ 

ࣴᆠڇ௽ࡳऱ፿ᆠ֗ൄᢝՀΔࠀլԫࡳຟ౨ജمګΔڇڕࠏϘؚ෺ϙխΔ௅ᖕϘؚϙ

ऱࠃ࠹ढٙݺଚאױवሐϘؚϙ׽౨ᙇᖗϘPlayϙऱ᤟֮ΙۖڇϘ֘ኙऱਢᖏञϙխΔ
፿ᆠवᢝٽΖ௣ೈຍᣊլฤ᧯ࠃ౨ਢਜױլۖ᧯ࠃ࠹वሐϘᖏञϙਢ֘ኙऱאױଚՈݺ

ऱࣴᆠመ࿓ጠ㻽ࣴᆠऱ௣ᇞΔՈጠඈࣴΖݺଚڇᖲᕴ៬᤟ऱ؁ऄ։࣫መ࿓խΔؘႊ૞֧

Ե፿ᆠऱवᢝթ౨ജࣴګݙچړޓᆠऱ۞೯௣ᇞΖ 

1.2ʳ ࣴᆠ௣ᇞऱֱऄ 

ࣴᆠ௣ೈऱֱऄڍጟڍᑌΔڶऱֱऄڇ᢯ნၦΕဲऄ࿨ዌ؁ࡉীՂኙᄭ፿ၞء֮ߢ۩ૻ

Δࠫൕۖᝩ܍Օڍᑇऱ։࣫֗ᙇဲՂऱࣴᆠΙࠄڶᖂृ༼شܓנ፿ᆠᣂᜤጻၞ۩ඈࣴ[Dan 
Roth 1998]ΙᝫڶऱઔߒԳ୉ቫᇢԱഗ࣍ᖂ฾ऱ۞೯௣ֱࣴऄΔڕ DAN ROTH شࠌ
Winnowᖂ฾ֱऄၞࠐ۩਋ᐊீإΕ፿றᑑࣹ[᎓ᥳ૨ ࿛ 2000]Ζ૿ছؑ໱Ղੌ۩ऱϘႁ
ॾ CATዧ૎ᠨٻ៬᤟ߓอϙΔঞආشԱ֪شյ೯ڤ௣ֱࣴऄΔᨃ֪ش۞աࡳެࠐ࿨ዌ֗
᤟ဲऱᙇᖗΖ 

᢯ნ௣ࣴਢ࿨ዌ௣ࣴऱഗ៕ΖՕڍᑇऱඈֱࣴऄຟਢڍאᆠဲऱဲᆠඈࣴ㻽֊Ե

រΖ࿍፿Ε؁՗Εᒧີຟਢ່طഗءऱဲ፿ዌګΔ࣠ڕԫଡ؁ऄ࿨ዌխऱဲ፿რᆠ׊ࡸ

լ౨ᒔࡳΔᖞଡ࿨ዌऱრᆠऱྤޓ༼ނൕᓫದԱΖٵழΔဲᆠᙇᖗᏁ૞ߩജڍऱ፿ᆠव

ᢝ֗ՂՀ֮वᢝΔۖຍࠄवᢝՈ㻽ၞԫޡᇞެ࿨ዌࣴᆠംᠲ༼ࠎԱړߜऱࠉᖕΖ֮ءऱ

ઔߒՈ׌૞ਢൕဲᆠ௣ࣴԵ֫Δဲڇᆠ௣ࣴऱመ࿓խၞ۩࿨ዌऱ௣ࣴΖ 

ဲᆠ௣ֱࣴऄ։㻽ԿᣊΚഗ࣍ AI ऱֱऄΔഗ࣍वᢝऱֱऄΔഗ࣍፿ற஄ऱֱऄΖ
ਊဲᆠ௣ࣴऱཕᐝ࿓৫Ծױ։㻽ڶਐᖄፖྤਐᖄऱֱऄ[Wilks et al. 1998, Philip et al., 
ᇀ஡ࣟ ࿛]Ζ 

ഗ࣍ $,ऱֱऄץਔฤᇆ׌ᆠֱऄࡉຑ൷׌ᆠֱऄΖشܓڕ壀ᆖጻሁ࿛ၞ۩ဲᆠ

ᙇᖗ�&ROOLQV�ΖຍᣊऱֱऄڇኔᎾՂኙ፿ߢ෻ᇞࠀլኔشΖ�

ഗ࣍वᢝऱֱऄ׌૞ץਔഗ࣍ᆠᣊဲᣊဲࠢࡉഗ࣍๵ঞऱֱऄΖছृऱז।㻽۫ఄ

᠏ངऱᖲ࣍ഗڇയ৫ऱဲᆠ௣ֱࣴऄΖۖ৵ृঞ࢚ᄗشऱᚨנ༽WordNet࣍ഗृߒઔ׃
ᕴ៬᤟ߓอխ๯ᐖऑشࠌچΔڕWilks༼נऱᚨشᙇᖗૻࠫဲࠐᆠ௣ࣴΖ 

ഗ࣍፿ற஄ऱֱऄ։㻽ഗ࣍อૠࡉഗ࣍ኔࠏऱࠟጟֱऄΖഗ࣍อૠऱֱऄᆖൄอૠ

ဲፖဲΕဲᆠፖဲᆠऱჸ಻Δشܓჸ಻௣ೈࣴᆠΖഗ࣍ኔࠏऱֱऄਢ௅ᖕᙁԵ؁ፖኔࠏ
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ऱઌۿ৫ૠጩࠐᙇᖗ່ࠋऱ֐಻Ζຍᣊֱऄխֺለפګऱߓอڶᄅࡕףऱ

LEXAS(Hwee)Ζ 

ऱΔՕศ৫ऱवࡳ๠෻ᒔچړৰאױवᢝऱֱऄ࣍ᚌ౒រΖഗࠡڶٺՂऱֱऄא

ᢝΔ፿ᆠࡉ፿ऄऱवᢝֺለ᠆༄Δ܀ຍࠄवᢝຏൄطറ୮ิ៣ΔڶڼڂৰՕऱ׌ᨠࢤΔ

چړለאױอૠऱֱऄ࣍ኔ෼ΙۖഗچړৰאຟᣄࢤໂݙΕࢤךΕឩࢤवᢝऱԫી׊ࠀ

๠෻፿ߢխऱլᒔࡳऱΕ՛ศ৫ऱवᢝΔᨋ੒ړࢤΔ܀থᣄ֘אਠ۞ྥ፿ߢխࠠڶཏሙ

 ፿ᆠवᢝΖࡉ৳ऱ፿ऄ๵ࢤ

 ܂૞ՠ׌ऱ֮ء1.3

யऱဲᆠ௣ࣴΔڶ۩۶֧Ե፿ᆠवᢝၞڕ։࣫խءᖲᕴ៬᤟ऱ֮ڇᑑਢؾߒ૞ઔ׌֮ء

ၞԫၞޡ۩࿨ዌ௣ࣴΖڇᓰᠲऱઔߒመ࿓խΔ׌֮ء૞אڇՀ༓ଡֱ૿ၞ۩Ա൶ಘΚ 

1Κشܓπवጻρ㻽፿ᆠवᢝᄭΔൕπवጻρխؘנ࠷ࢼ૞ऱ፿ᆠᇷಛΔࠀലհ᠏
 ࿨ዌΖقอኔ෼ऱ।ߓ㻽ֱঁګ֏

2Κൕഗ࣍ᚌᙇऱߡ৫ኙ։࣫ګسऱխၴ፿ၞߢ۩ඈࣴ๠෻Ζشܓ٣֮ءՕ๵ᑓऱ
፿ற஄ᛧ࠷ᆠ଺ऱٵ෼ႃٽΔࠀ௅ᖕ᠏ངᑓࣨዌທנᆠ଺ऱॣࠫૻࡨ๵ঞΔ٦ຏመ֫ՠ

ऱֱڤኙॣࡨ๵ঞၞ۩ଥޏፖᓳᖞΔא൓ࠩԫଡለݙ࿳ऱ๵ঞႃΖᆠႈऱ፿ᆠૻࠫ๵ঞ

ऱ፿ᆠᛩڇࢬᆠ଺ऱ፿ᆠ๵ঞ൓ࠩΖඈࣴዝጩऄലᆠႈऱ፿ᆠ๵ঞፖᆠႈګዌࠡطאױ

ቼၞ۩ઌۿ৫ऱૠጩΔࠀ௅ᖕૠጩ࿨࣠ၞ۩ᆠႈᙇᖗࡉ࿨ዌऱ፿ᆠჸ಻ऱေᏝΔൕۖၞ

۩ဲᆠඈࣴፖ࿨ዌඈࣴΖנ༽֮ءԱຍጟඈֱࣴऄऱᇡาዝጩऄፖኔ෼ޡᨏΖ 

3ΚലՂ૪ऱ৸უ֗ዝጩऄڇᖲᕴ៬᤟ߓอխࠠ᧯چኔ෼Ζ 

 อ࿨ዌፖഗ៕वᢝߓ .2

 อ࿨ዌ༴૪ߓ 2.1

࿨ዌ௣ࣴऱᣄ৫ৰՕΔٺጟٺᑌऱࣴᆠ࿨ዌᝫڶৱ፿ऄᖂ୮ऱၞԫޡ࿇෼ፖ᜔࿨Ζۖ᢯

ნ௣ࣴਢ࿨ዌ௣ࣴऱഗ៕Ζ࿍፿Ε؁՗Εᒧີຟਢ່طഗءऱဲ፿ዌګΔ࣠ڕԫଡ؁ऄ

࿨ዌխऱဲ፿რᆠ׊ࡸլ౨ᒔࡳΔᖞଡ࿨ዌऱრᆠ༉ྤऄނ༽ΔඈࣴঞྤޓൕᓫದԱΖ

ᇞެ࿨ዌޡवᢝՈ㻽ၞԫࠄऱ፿ᆠवᢝ֗ՂՀ֮वᢝΔۖຍڍജߩழΔဲᆠᙇᖗᏁ૞ٵ

ࣴᆠംᠲ༼ࠎԱړߜऱࠉᖕΖ֮ءխ፿ᆠඈࣴᑓীऱਐᖄ৸უ༉ਢଈ٣ᇞެڍᆠဲऱ᢯

ნࣴᆠΔྥ৵ڼڇഗ៕հՂၞ۩࿨ዌࣴᆠऱ௣ᇞΖ㻽֮ءڼխ༼נԱԫጟ፿ᆠඈࣴऱᑓ

ীΔᇠᑓীאπवጻρ㻽׌૞፿ᆠᇷᄭΔאϘᚌᙇϙऱֱऄࠐኔ෼ဲᆠፖ࿨ዌऱ௣ࣴΖ 

ϘᚌᙇϙሎشՊ։࣫ګسࢬխၴ፿ߢխΔຍጟֱऄဲނ፿ऱᅝছ፿ቼፖဲ፿ٺᆠႈ

ऱૻࠫ๵ঞࢬ༴૪፿ᆠ௽ᐛᇷಛၞ۩ֺለΔ௅ᖕֺለऱઌۿ৫ᙇᖗ່ٽᔞऱᆠႈΖٵழ

ലઌۿ৫ऱ່Օଖ܂㻽ᇠဲ፿ऱေᏝଖΖխၴ։࣫࿨࣠խٺኔᆠဲऱေᏝ։ଖګאױ㻽
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ေᏝڼխၴ࿨࣠ऱࠉᖕΔڍڇڼאଡխၴ࿨ዌխᙇࠋ່נऱ࿨ ΰࣹ࣠რ֮ءխ༼ࠩऱϘ່

إਢኔᎾ᜔ࡳլԫࠀຍ܀ऱᇞΔړᅝছዝጩऄՀ່ڇऱΔਢߢዝጩऄۖ࣍ϙຟਢઌኙࠋ

ᒔऱᇞαΖຍᑌΔݺଚڇᇞެဲᆠࣴᆠऱഗ៕ՂٵழՈᇞެԱ࿨ዌࣴᆠΖϘᚌᙇϙඈࣴ

ലഗ࣍๵ঞፖഗ࣍อૠऱඈֱࣴऄઌ࿨ٽΔඈࣴխشࠌࢬऱᆠႈૻࠫ๵ঞऱᛧֱ࠷ऄਢ

ൕՕ๵ᑓऱ፿ற஄խอૠנᆠ଺ऱٵ෼ႃٽΔ٦ਊԫࡳऱ᠏ངᑓࣨת۞೯ګسچऱΖࠌ

 ၦΖ܂ՕՕ྇֟֫ՠᒳࠫ๵ঞऱՠאױຍጟֱऄش

ቹ ᆠඈࣴᑓิऱဲڶ2.1ܶ PARSINGੌ࿓ 

ቹڕ࿓ੌ܂อ։࣫ຝ։ऱՠߓᆠඈࣴᑓิऱዧ૎ᖲ᤟ဲڶܶ  Ζقࢬ2.1

2.2 πवጻρտฯ 

πवጻρ(૎֮ټጠ HowNet)ਢࠡ໌৬Գᇀ஡ࣟس٣क़၄ማԼڣઔۨ֨ߒऱૹ૞ګ Ζ࣠πव

ጻρਢԫଡאዧ፿ࡉ૎፿ऱဲ፿זࢬ।ऱᄗ࢚㻽༴૪ढٙΔא༿قᄗ࢚ፖᄗ࢚հၴ֗א

ᄗڶࠠࢬ࢚ऱ᥆ࢤհၴऱᣂএ㻽ഗءփ୲ऱൄᢝवᢝ஄Δ،ਢԫଡጻणऱڶᖲऱवᢝߓ

อ[ޕ௩՗ ࿛ 1999]Ζ 

፿ᆠဲࠢਢवጻߓอऱഗ៕֮ٙΖڇຍଡ֮ٙխޢԫଡဲ፿ᆠႈऱᄗ࢚ࠡ֗༴૪ݮ

ܶץ૞׌ԫଡಖᙕຟޢऱߢԫጟ፿ޢዧ૎ᠨ፿ऱಖᙕΔࠎ༽ছဲࠢխؾԫଡಖᙕΖګ 4
ႈփ୲Ζࠡխޢԫႈຟࠟطຝ։ิګΔխၴאϘ=ϙ։ሶΖޢԫଡϘ=ϙऱؐೡਢᇷறऱ
 ՀΚڕೡਢᇷறऱଖΖ،ଚඈ٨׳ጠΔټ౨᧢ᑇפ

NO.=  ဲࢨ࿍፿ݧᇆ 

�
ᙁԵ؁ ΰᆖ։ဲα

່ᚌऱ։࣫࿨࣠

ဲᆠᑑࣹΔ࿨ዌᓳᖞ

խၴ፿ߢ 

ૠጩေᏝ։ଖ 

ၞ۩؁ऄ։࣫

፿ற஄ 

 ෼᙮৫อૠٵ

ᆠ଺ٵ෼ႃٽ 

፿ᆠ๵ঞ ᠏ངᑓࣨ 

वጻ 
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>:B; �ဲࢨ࿍፿�

G_X= ဲࢨ࿍፿ऱဲࢤ 
E_X= ဲࢨ࿍፿ऱࠏ՗]+ 
DEF= ᄗࡳ࢚ᆠ 
ࠡխऱW_XΕG_XΕE_Xዌޢګጟ፿ߢऱಖᙕΔXאش༴૪ಖᙕזࢬ।፿ጟΔX㻽

Cঞ㻽ዧ፿Δ㻽 Eঞ㻽૎፿Ζޢଡဲ፿ط DEFࠐ༴૪ࠡᄗࡳ࢚ᆠΔDEFऱଖطૉեଡᆠ
଺֗،ଚፖ׌იဲհၴऱ፿ᆠᣂএ༴૪ิګΖᆠ଺ਢवጻխ່ഗءऱΕլ٦࣐࣍։໊ऱ

რᆠऱ່՛໢ۯΔवጻຏመኙપքՏଡዧە۩ၞڗኘࡉ։࣫࠷ࢼࠐԱ 800 ࠀଡᆠ଺Δڍ
᜔࿨Աڕຝ։Ε׌᧯Εড়᧯Εൕ᥆Εழ़Εޗற࿛ૉեጟᆠ଺ၴऱ፿ᆠᣂএΔຍࠄᣂএ

ࠄຍނଚݺڼڂΔق।ࠐϘ%ϙΕϘ@ϙΕϘ$ϙ࿛ઌኙᚨฤᇆڕףᆠ଺ছॵشवጻխڇ
፿ᆠᣂএጠհᆠ଺ऱڗଈ፿ᆠᣂএΔۖኙᚨऱฤᇆ㻽ᆠ଺ऱڗଈ፿ᆠᣂএฤΖຍࠄฤᇆ

ऱრᆠڇπवጻρխڶᇡาऱࡳᆠᎅࣔΔ। 2.1 ٨ᜰԱנ֮ء෼ऱԫڗࠄଈฤᇆ֗ࠡኙ
ᚨ፿ᆠᣂএΖࠠ᧯ऱฤᇆࡳᆠױ೶઎֮᣸ 9Ζ 

। 2.1 ᆠ଺ऱຝ։ڗଈฤᇆ֗ࠡኙᚨ፿ᆠᣂএ 
�ଈฤᇆڗ ኙᚨऱ፿ᆠᣂএ�

�� ઌᣂ�

�� ຝ։�

�� �ڶࢬᑑΕؾΕࠃ࠹ऱٙࠃ


� �Ε᧯᧭ृΕՠࠠࠃऱਜٙࠃ

�� ᤖܶ�

	� ൕ᥆�

a� �ࢤ౨ױ

#� ழ़�

"� �றޗ

A� �ࡳܡ

Հ૿ݺଚڤݮش֏ऱ፿ࠐߢኙ DEFၞ۩ࡳᆠΚ 

DEF = [Mark]Atom[,[Mark]Atom]* 

Mark = * | @ | ? | ! | ~ | # | $ | % | ^ | & 

ATOM = atom1|atom2|�…|atomk 

 ᆠΖࡳ۩ၞ࢚෼ऱٚ۶ဲ፿ᄗנᆠ଺֗ࠡᣂএᚨ౨ኙπवጻρխࠄຍڶࢬ

Հࠏਢ೯ဲϘؚϙ܂Ϙؚ෺ϙᇞऱᆠႈࠢဲڇխऱࡳᆠΚ 
W_C=ؚ 
G_C=V 
E_C=~ጻ෺Δ~ྨΔ~ટՏΔ~֜ᄕΔ෺~൓ৰཧ 
W_E=play 
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G_E=V 
E_E= 
DEF=exercise|᝽ᒭ,sport|᧯ߛ 
ຏመ DEFऱࡳᆠאױवሐڇϘؚ෺ϙխϘؚϙࡉϘ᧯ߛϙፖϘ᝽ᒭϙڶᣂΖ 

ԾڕࠏϘ૿ϙຍଡဲ፿ڕڶܶץՀࠟଡᆠႈΚ 
:B& ૿�

*B& 1�

:B( QRRGOHV�

*B( 1�

'() �IRRG_ଇ঴�

:B& ૿�

*B& 1�

:B( �IDFH�

*B( 1�

'() �SDUW_ຝٙ��$QLPDO+XPDQ_೯ढ�VNLQ_ؼ�

รԫଡᆠႈऱϘ૿ϙ܂Ϙ᤺යϙᇞΔ،ऱᆠႈࡳᆠਢϘfool|ଇढϙΙรԲଡᆠႈऱ
Ϙ૿ϙ܂Ϙᜭ૿ϙᇞΔ،ऱᆠႈࡳᆠᎅࣔڇຍଡᆠႈխϘ૿ϙਢ೯ढऱຝٙΔਢϘؼϙΖ  

ೈԱ፿ᆠဲࠢ؆Δवጻᝫ༼ࠎԱᆠ଺։ᣊᖫΔ։ᣊᖫٺނଡᆠ଺֗،ଚհၴऱᜤᢀ

ຏመᆠ଺։ᣊᖫאױଚݺऱᣂএΖۯՂՀڶ՗࿨រऱᆠ଺ࠠ׀ԫದΔڇ៣ิڤݮᖫऱא

ૠጩᆠ଺ၴऱ፿ᆠ၏ᠦΖڇवጻխڇژ ENTITYΕEVENT࿛༓ལ։ᣊᖫΔڕՀቹਢဲጻ
խ।ٙࠃقᆠ଺ᣂএऱ EVENT։ᣊᖫΚ 

ቹ 2.2  EVENTᆠ଺։ᣊᖫऱᖫ࿨ዌ।ق 

वጻऱဲࠢء֮شऱֱڤঅژऱΔ૞ނ٣ࠃ،᠏ངߓঁֱګอኔ෼ऱ௑ڤΔەᐞࠩ

شอߓ LISP ኔ෼Δشࠢဲނ֮ء।ऱࠐڤݮ।قΖဲයխೈ DEF ؆ऱႈຟ๯।ق㻽א
ᇠႈ㻽ଈۯցైऱ՗।Δۖ DEFႈ๯ࣈ։ګԫא٨ߓ፿ᆠᣂএ㻽ଈۯցైऱ՗।ΔDEF
խڶࢬऱࠠڶઌٵ፿ᆠᣂএऱᆠ଺ຟូ࣍ઌᚨऱ՗।խΖ࣠ڕᆠ଺ྤڗଈ፿ᆠᣂএΔױ

ຟូ㻽א PROPERTY՗।ΖݺڕࠏଚނאױϘ૿ϙऱᆠႈ 2।ق㻽Κ 

( (W_C ૿)(GϵC N)(W_E face)(G_E N) 
      ( (PROPERTY part|ຝٙ skin|ؼ) 
       (PARTOF AnimalHuman|೯ढ) )  
     ) 

HYHQW_ٙࠃ�

static|ᙩኪ act|۩೯ 

Relation|ᣂএ State|णኪ

StatePhysic|ढ෻णኪ StateMental|壄壀णኪ 
�…�…

Grow|ګ९ exercise|᝽ᅂ 

WhileAway|௣ၵ 

�…�… 

ActGeneral|ऑ೯ 
ActSpecific|ኔ೯ 

�…�… 
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3. ഗ࣍ᚌᙇऱဲᆠඈࣴ 

3.1Ϙᚌᙇϙዝጩऄऱ᜔᧯৸ሁ 

ᑑࣹऱՕآอૠऱֱऄൕشܓΖଈ٣ٽอૠऱඈֱࣴऄઌ࿨࣍๵ঞፖഗ࣍ዝጩऄലഗء

๵ঞ፿ற஄խנ࠷ࢼᆠ଺ऱٵ෼፿ᆠᇷಛΔࠀ௅ᖕ᠏ངᑓࣨዌທנᆠ଺ऱॣࠫૻࡨ๵

ঞΔ٦ຏመ֫ՠऱֱڤኙॣࡨ๵ঞၞ۩ଥޏፖᓳᖞΔא൓ࠩԫଡለݙ࿳ऱ๵ঞႃΔᤉۖ

ᛧ൓ဲ፿ᆠႈऱ፿ᆠૻࠫ๵ঞΖڇኙԫଡխၴ࿨ዌၞ۩ဲᆠඈࣴऱመ࿓խΔݺଚਊԫࡳ

ऱዝጩऄᒔဲٺࡳ፿ऱՂՀ֮፿ቼΔലᇠဲ፿ٺᆠႈऱૻࠫ๵ঞࠡࡉ፿ቼԫԫၞ۩ઌۿ

৫ֺለΔ௅ᖕֺለऱ࿨࣠ᒔࡳ،֗ࠡ፿ቼխဲٺ፿ऱრᆠΖ່Օऱઌۿ৫܂ױᇠဲ፿ऱ

ေᏝଖΔۖխၴ࿨ዌऱေᏝଖ༉ਢ௅ᖕࠡዌဲګ፿ऱေᏝଖૠጩ൓ࠩऱΖ່ڇ৵ऱ࿨ዌ

ඈࣴխΔዝጩऄאေᏝଖՕ՛㻽ᚌᙇࠉᖕൕڍଡঀᙇऱխၴ࿨ዌխਗנԫଡ່ᚌऱ࿨

࣠Ζຍᑌݺଚڇᇞެဲᆠऱ௣ࣴऱٵழՈױᇞެ࿨ዌऱ௣ࣴΖ 

3.2 ൕ፿ற஄խᛧ࠷ᆠ଺ऱٵ෼ႃٽ 

፿ߢᖂ୮ FIRTHڇኙဲᆠᙃᢝऱ༴૪խ༼נϘᨠࠡ۴ۖवࠡრϙ(You shall know a word 
by the company it keeps)Δהᎁ㻽Δဲ፿ऱრᆠ׽౨ڇՂՀ֮խթ౨൓אᙃᢝΖ࣠ڕԫଡ
ဲ፿ऱਬԫဲᆠڇ፿ற஄խנ෼ڻڍΔݺଚנࠡڇ෼ऱՂՀ֮խאױ࿇෼ਬဲࠄ፿נ෼

ऱ᙮෷ৰ೏Δۖຍဲࠄ፿ፖᇠဲᆠհၴڶထֺለയ֊ऱჸ಻ऱᣂএΖဲᆠطᆠ଺ዌګΔ

။യ֊ऱ፿ڶऱᆠ଺Ոፖᇠᆠ଺ڍᑇ။ڻ෼נٵՂՀ֮խ٥ڇᆠ଺ࡳΔፖԫଡ௽چᑌٵ

ᆠᣂᜤΔۖຍࠄऱჸ಻ᆠ଺༉אױ㻽ݺଚࠫࡳຍଡᆠ଺ऱ፿ᆠૻࠫ๵ঞ༼ࠎৰړऱ೶ە

܂ਢ೯ګ૞ዌ׌୲ဲऱݮ୲ဲऱဲᆠኙ؁՗ऱ፿ᆠᐙ᥼່ՕΔۖ೯ဲΕݮᖕΖ೯ဲΕࠉ

ᣊᆠ଺ࡉ᥆ࢤଖ֗ᑇၦଖᣊᆠ଺Δݺڼڂଚݦඨ൓ࠩຍࠟᣊᆠ଺ऱٵ෼ႃٽΖ 

ᆠ଺ aऱٵ෼ႃࡳٽᆠ㻽Κ 

S(a)={(b Prob(a,b)) | b ATOMSET}   

ႃٽ S(a)խऱޢଡցైຟਢԫଡԲցิ(b Prob)Δ،ऱรԫଡ։ၦਢᆠ଺ bΔรԲଡ։ၦ
Prob(a,b) ।ق a,b ᆠ଺ऱٵ෼ᄗ෷Δڶܶܛ։ܑ a,b ᆠ଺ऱဲ፿ٵڇԫਐࡳՂՀ֮࿗Ց
խנ෼ऱױ౨ࢤΖATOMSETਢπवጻρխڶࢬᆠ଺ऱႃٽΖ 

Ϙٵ෼ϙਢಾኙԫဲࡳ፿ᒤ໮ۖߢऱΔݺଚނຍԫᒤ໮ጠ㻽ՂՀ֮࿗ՑΔࠟ࣠ڕଡ

ᆠ଺ڇࢬऱဲ፿ٵڇԫՂՀ֮࿗Ցխנ෼Δݺଚጠຍࠟଡᆠ଺ڇᅝছছ࿗ՑխϘٵ

෼ϙΖՂՀ֮࿗Ցऱ९৫ᙇ࠷Ոਢᐙ᥼ࠩอૠ࿨࣠ړᡏऱૹ૞ైڂΖ࿗Ցᙇ࠷൓֜՛Δ

፿ᆠઌᣂဲऱ၏ڤᓤᠧ؁ڍᙇᖗᅝছဲ፿ऱছ৵ԫࠟଡဲਢլജऱΔዧ፿խऱ๺׽ڕࠏ

ᠦֺለ९Δڕ 

ϘԳՑཏ਷ऱᇷறኙഏ୮ࠫࡳ९᎛ऱᆖᛎ๵ቤࠠڶԼ։ૹ૞ऱრᆠϙ 
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ሒڍϙΕϘრᆠϙΔ،ଚհၴઌၴऱဲ፿ᑇڶຍ؁ᇩு֨ဲ፿ਢϘᇷறϙΕϘࠠڇ 6ଡΖ
֘܀Աီ࿗ऱᒤ໮ۖլ౨๯อૠΖנ౨၌ױ࿗መ՛Δ؁՗խऱᣂ᝶ჸ಻ᇷಛ༉ৰီ࣠ڕ

հ࣠ڕ࿗Ցᙇᖗ֜ՕΔ࿗Ցփᄎܶڶመڍፖჸ಻լઌᣂऱဲ፿Δނ࣠ڕ،ଚຟၞ۩อૠΔ

Ոᄎᖄીอૠ࿨࣠ऱլᄷᒔΖਊᅃԫ౳ऱᆖ᧭Δ֮ءᙇ࠷ऱ࿗ՑՕ՛㻽ছ৵ 7ଡဲ[ම୮
ᕐ 1999]Ζ 

㻽૾܅อૠᠧಛΔီ࿗փဲ፿ऱᙇᖗՈᚨᅝەᐞဲࢤΕ፿ऄ࿛ᇷಛΔᚨᕣၦᙇژ࠷

ࠐጟ؁ऄᣂএٺऱګ౨ิױࢤဲהፖࠡࢤਢ௅ᖕᅝছဲ፿ऱဲ֮ء፿ऄᣂএऱ᢯ნΖڇ

ᙇᖗီ࿗ऱဲ፿Ζ೯ဲ֗ݮ୲ဲאױፖࠡګิࢤဲהऱ؁ऄᣂএڕ।ޕ]قࢬ௩՗ ࿛
1999]Κ 

। 3.1 լࢤဲٵऱױ౨ჸ಻ิٽ। 
�ࢤဲ ઌኙۯᆜ� �ٽิࢤဲ ဲऄᣂএ�

೯ဲ� ছ� ��aټ �ᘯᣂএ׌

೯�a� �٨ᣂএࠀ

��aټ �խᣂএࡳ

৵� aټ�� ೯ᎏᣂএ�

aټ�� �խᣂএࡳ

a�೯� �٨ᣂএࠀ

aݮ�� ೯ᇖᣂএ�

�୲ဲݮ ছ� ��aټ �ᘯᣂএ׌

��aݮ �٨ᣂএࠀ

৵� aټ�� �խᣂএࡳ

a�೯� �٨ᣂএࠀ

ױ٨ऱ፿ऄᣂএΖຍᑌൕ।խࠀᐞەᑉլڼڂඈࣴΔ۩ၞࠐ৫ߡ૞ൕჸ಻ऱ׌֮ء

୲ဲεݮ,ဲټδٽႃࢤऱဲ,৵ီ࿗ᚨ㻽ဲဲټ㻽ࢤᎅΔছ࿗Ցᚨᙇᖗဲࠐ઎ࠩΔኙ೯ဲא
խऱဲΖݮ୲ဲऱছ৵࿗Ցຟਢဲࢤ㻽ဲټऱဲΖဲ፿ऱছ৵נ෼ऱဲ፿ࢬದऱ፿ऄ֗

፿ᆠᣂএ஁ܑለՕΔؘڶאࢬ૞༉ဲ፿ऱছ৵࿗Ց։ܑᙇᖗٵ෼ဲ፿Δอૠࠐנऱᆠ଺

חଚݺຝ։Ζࠟګ։چՈᚨઌᚨٽ෼ႃٵ S-(A)ΕS+(A)։ܑז।ᆠ଺ AऱছΕ৵ٵ෼ႃ
 Ζٽ

ᄭਢπᦰृࠐଚऱอૠ፿றݺ ႃρΔ๵ᑓՕ՛પ㻽֮ڣ20 1,100ᆄڗΖ፿ற஄ڶ޲
ᆖመٚ۶ऱ፿ᆠᑑࣹΔݺڼڂଚྤऄᒔࡳ፿ற஄խԫଡ؁՗㠪ਬଡဲ፿ऱဲᆠຶߒਢչ

ՇΔނ࣠ڕ،ऱڶࢬऱᆠႈຟ೶ፖٵ෼อૠΔႨؘᄎࠌอૠ࿨࣠ܶڶለՕऱ፿ᆠᕳଃΖ

㻽ڼՂՀ֮࿗Ցխऱဲ፿ᚨᙇဲྤ࠷ᆠࣴᆠऱΔ׽ܛኙ໢ᆠဲၞ۩๠෻Δۖլەᐞڍᆠ

ဲΖࣹრຍ㠪ऱϘ໢ᆠϙਢઌኙߢۖࢤဲ࣍ऱΔဲ፿ױ౨ࠠڍڶଡဲࢤΔဲ࣠ڕ፿Wڇ
ਬଡဲࢤ C խऱრᆠਢഄԫऱΔݺଚ༉ጠ W ࢤဲڇ C Հਢ໢ᆠऱΖڇዧ፿ऱဲ፿խΔ
໢ᆠဲऱᑇၦ׭ৰՕऱֺૹΔڇπवጻρխऱ᜔ဲ፿ᑇ㻽 53332Δۖ໢ᆠဲᑇؾ㻽 47188Δ
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ᑇऱ᜔׭ 88.47%ΙۖൕኔᎾऱሎەࠐش਷Δ໢ᆠဲנ෼ऱ᙮৫Ոլ܅ΖᆖอૠΔڇ፿ற
஄խΔ໢ᆠဲऱᑇ׭ؾ 44.18%Ζຍ।ࣔ໢ᆠဲऱჸ಻ᇷಛࠠڶઌᅝऱז।ࢤΔشܓ໢ᆠ
ဲऱჸ಻ᇷಛڍ۩ၞࠐᆠဲဲᆠᙇᖗऱ৸უਢױ٤ݙ۩ऱΖ 

ᆠ଺ऱٵ෼ႃٽᛧ࠷መ࿓ਢྤਐᖄऱΖ܀ਢݺଚ٣ࠃ૞ኙอૠ፿ற஄ၞ۩۞೯։ဲ

 ᙇᖗဲ፿ऱՂՀ֮࿗ՑΖچᒔإΔթ౨ࢤᑑࢤဲ֗

ዝጩऄ 3.1Κᆠ଺ऱٵ෼ႃٽᛧ࠷ዝጩऄ 

ᆠΚ๻ࡳ Total 㻽໢ᆠဲऱૠጩᕴ; ೄ٨ COUNT-F,COUNT-B ਢࠟଡԲፂೄ٨Δ
COUNT-F [a,b]ਢ bኙ࣍ aऱছٵ෼ڻᑇΙۖ COUNT-Ҟ[a,b]ਢ bኙ࣍ aऱ৵ٵ෼ڻ
ᑇΖ 

 ;ΚTotal=0֏ࡨॣ

         for each a ೯܂ᣊᆠ଺ႃ ᥆ࢤଖᣊᆠ଺ႃ ᑇၦଖᣊᆠ଺ႃ, 
�����������IRU�HDFK�E $WRP6HW�

��������������&RXQW�)>D�E@ &RXQW�%>D�E@ ���

๠෻መ࿓Κ 

ኙ࣍፿ற஄խנ෼ޢଡ໢ᆠဲ፿W, Category(W) {v,adj }Δച۩Κ 
���^���7RWDO 7RWDO����
�������ᒔࡳ :ऱᆠ଺ࡳᆠႃٽ㻽 $WRPV�:�Ι�

�������ᒔࡳ :ऱছΕ৵࿗Ց :LQGRZ�)�:�Δ:LQGRZ�%�:��

�������IRU�HDFK�D $WRPV�:�Δ๠෻ছٵ෼ႃٽΚ�

���^�

����IRU�HDFK�E  Atoms(k)
)(WFWindowk

�

����������&2817�)>D�E@ &2817�)>D�E@��Ι�

�������`�

ʳ ʳ ���IRU�HDFK�D $WRPV�:�Δ๠෻৵ٵ෼ႃٽΚ�

�������^��

���������IRU�HDFK�E   Atoms(k)
)(WFWindowk

��ຟ೚�

���������ʳ ʳ &2817�%>D�E@ &2817�%>D�E@��Ι�

��`�

������ `�

 ෼ᆠ଺ႃٵଡᆠ଺ऱޢנૠጩאױฅ৵Δݙኙ፿ற஄խऱ؁՗๠෻ڇ

6��$� �
^�E�IUHT�D�E���_�IUHT�D�E� ¤�
FRXQW�)>D�E@�7RWDO��E $72066(7�`��

S+(A)= 
^�E�IUHT�D�E���_�IUHT�D�E� ¤�
FRXQW�%>D�E@�7RWDO��E $72066(7�`��
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ࠡխ 1, 2։ܑਢছ৵ٵ෼ႃٽխٵ෼ᄗ෷ऱ࣋ՕএᑇΖ֜ ՛ऱᄗ෷ᣄא।෼ٵ෼ᆠ

଺ၴऱ᙮৫஁ฆΔዝጩऄലᄗ෷ଖٵழଊאԫଡ࣋ՕএᑇΔຍࠀլᐙ᥼،ଚհၴऱՕ՛

ᣂএΔۖ׊ᔞᅝ࣋چՕԱઌյऱ஁ฆଖΖ 

อૠ፿ற஄ᆖ۞೯ᛧ࠷൓ࠩऱ೯܂ᣊᆠ଺ٵ෼ႃٽ 703යΔ᥆ࢤଖᣊ֗ᑇၦଖᆠ଺
ٽ෼ႃٵ 446 යΖՀࠏ։ܑਢ೯܂ᣊᆠ଺ϘEAT|پϙࡉ᥆ࢤଖᣊᆠ଺ϘHAPPY|壂ϙऱ
ছ৵ٵ෼ႃٽΚ 

EAT|پ Κ 

ছٵ෼ႃٽΚ 

 {(HUMAN|Գ  0.56) (THIRDPERSON|0.41  ה) (MALE|0.28  ߊ) (MASS|㽬  0.23) 
  (PLACE|0.22  ֱچ) (BIRD|ᆅ  0.20) (PROPERNAME|റ  0.20) �…}        

৵ٵ෼ႃٽΚ 

 {(MEDICINE|ᢐढ  0.52)(PART|ຝٙ  0.38)(ATTRIBUTE|᥆0.26  ࢤ) 
  (HUMAN|Գ  0.20) (DESIRED|0.20  ߜ) (FOOD|ଇ঴  0.15) �…} 

HAPPY|壂 : 

ছٵ෼ႃٽΚ 

 {(HUMAN|Գ  0.56) (THIRDPERSON|0.41  ה) (MALE|0.28  ߊ) (MASS|㽬  0.23) 
(PLACE|0.22  ֱچ) (BIRD|ᆅ  0.20) (PROPERNAME|റ  0.20) �…}        

৵ٵ෼ႃٽΚ 

 {(MEDICINE|ᢐढ  0.52)(PART|ຝٙ  0.38)(ATTRIBUTE|᥆0.26  ࢤ)   
  (HUMAN|Գ  0.20) (DESIRED|0.20  ߜ) (FOOD|ଇ঴  0.15) �…} 

ຏመኙٵ෼ႃٽऱ։࣫אױ࿇෼Δႃٽխࠄڶᆠ଺ऱრᆠৰ൷२Δ፿ᆠઌۿ৫ֺለ

՛Ζݺଚݦඨ౨ٵނ෼ᆠ଺ႃၞ۩ፋᆠ๠෻Δܛ፿ᆠ൷२ऱᆠ଺ګࠓٽԫଡᆠ଺Δٵࠌ

෼ႃٽऱ९৫൓֟྇אΖՀ૿ݺଚ࿯נፋᣊऱዝጩऄΚ 

ዝጩऄ  ፋᆠዝጩऄٽ෼ႃٵ  3.2

๻ S㻽ᆠ଺ Atomᆖอૠ൓ࠩٵ෼ႃٽΙ 

ٽᄅႃ֏ࡨॣ L= ; 

ല Sխऱᆠ଺ਊڇࢬ։ᣊᖫऱᐋᑇ೏܅ඈݧΔࠌՂۯᆠ଺᜔ਢࠡ࣍ۯՀۯᆠ଺հছΙ 

WHILE(S ) 

{ 

  ൕүխ POPנଈۯցైҝ=(a Proba); 
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  T = 0; 

  for each B S,B=(b Probb) 

ʳ  {  ifᆠ଺ a,bऱઌۿ৫ r՛࣍⿃ଖ 
       { T=T+Probb*r; 
        ല Bൕ Sխฝנ; 
       } 
   } 

  ലցై(a T)PUSH۟ႃٽ L; 

} 

ല Lխऱᆠ଺ਊٵ෼ᄗ෷ऱᑇଖൕՕࠩ՛ၞ۩ඈݧΔኲ࠷ႃٽছ  ցऱᆠ଺Ιۯ10%

ٽႃش Lזཙ଺ٵ෼ႃٽ SΖ 

ዝጩऄ٣ലٵ෼ႃٽխऱᆠ଺ਊࠡڇ։ᣊᖫऱᐋᑇඈݧΔຍᑌאױঅᢞڇԫଡ፿ᆠ

ઌۿऱᆠ଺ႃᆢխΔᆠ଺᜔ਢٻထ່Ղۯऱᆠ଺Δွࢼ່ܛऱᄗၞ࢚۩ፋᆠΖٵ࣍ط෼

ᄗ෷೏ऱᆠ଺ኙ፿ቼऱ༴૪ದထޓ㻽ૹ૞ऱᐙ᥼Δڼڂዝጩऄڇፋᆠݙฅ৵ΔԾലٵ෼

ႃٽਊᆠ଺ٵ෼ᄗ෷ऱՕ՛ඈݧΔඍඵԱ՛ٵ෼ᄗ෷ऱᆠ଺Δ׽অఎ٨ݧছຝ 10%ऱց
ైΖᆖመዝጩऄ 3.2ऱ๠෻Δᄅऱٵ෼ႃٽऱ९৫ലֺ଺ࠐऱڶ᧩ထ྇֟Ζ 

3.3 㶷س፿ᆠૻࠫ๵ঞ 

3.3.1 ᆠ଺ૻࠫ๵ঞऱࡳᆠ 

ዝጩऄششܓ 3.1 Ζኔٽ෼ႃٵଖΕᑇၦଖᣊᆠ଺ऱՂՀ֮ࢤᣊ֗᥆܂ଡ೯ޢ൓ࠩאױ
ᎾՂࠩຍԫݺޡଚբᆖאױ௅ᖕٵ෼ႃٽፖྒྷᇢ؁խဲ፿ऱՂՀ֮፿ቼၞ۩ઌۿ৫ऱૠ

ጩΔലઌۿ৫່೏ऱᆠႈ܂㻽ᇠဲऱڇᅝছ؁՗խऱဲᆠΖຍጟֱऄኙ࣍១໢ऱڤ؁࿨

ዌֺڶለ೏ऱإᒔ෷Δ܀ኙڶࠠ࣍௽௘ऱ፿ऄࢤᔆऱဲ፿ঞඈࣴ࿨࣠լਢৰ෻უΖڕኙ

೯ဲࠐᎅ[ᄘᖠ୽ 2001]Δ൅ᓤᠧᎏ፿(ڕ՛؁ᎏ፿ࡉଫ፿ᎏ፿)ऱڍᆠဲऱဲᆠඈࣴ࿨࣠
ᄎ஁࣍൅១໢ᎏ፿ऱڍᆠဲΖຍਢڇ࣍طᓤᠧ፿ڤ㠪խ֨ဲ፿ፖჸ಻ဲ፿၏ᠦለ᎛Δჸ

಻ဲ፿ࢨਢ၌נխ֨ဲ፿ऱՂՀ֮࿗Ցᒤ໮Δࢨਢፖխ֨ဲ፿հၴڶመڍऱեឫဲ፿Ζ 

༴૪ဲ፿چ㻽ᄷᒔޓאױ،ΔߢԱᄭ፿؁ऱխၴ፿سګᖲᕴ៬᤟ऱ፿ऄ։࣫ၸ੄ڇ

ᇠᆠ଺ऱဲ፿ڶᆠ፿ᆠૻࠫ๵ঞΔ،༴૪ԱܶࡳଚՈ㻽ᆠ଺ݺழٵՂՀ֮ऱ፿ቼΙڇࢬ

ऱཚඨנ෼ऱ፿ᆠᛩቼΖຍᑌݺଚאױ௅ᖕဲ፿ኔᎾࢬ๠ऱ፿ᆠᛩቼፖᆠ଺๵ঞխ༴૪

ऱ፿ᆠᛩቼၞ۩ઌۿ৫ऱૠጩΔലֺለ࿨࣠܂㻽ဲᆠඈࣴऱࠉᖕΖ 

 ᇢ؁ΚྒྷڕԱᇡาऱᎅࣔΖנรԲີխբ࿯ڇᑓীߢऱխၴ፿࠷խආ֮ء

Ϙނ܃ࢢݺ࿝ڞ࿯ݫឰԱΖϙ 
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ᆖ։࣫ऱխၴ፿ߢ௃ਮ㻽Κ 
��7�9$&���ࢢ�5227&������

����ݺ�5227&���567,(�5621)3���*�6))5*$��$7�3521&�����80$1+���17)*$�����

��ݫ�5227&�������)0)+7�

��������������$*(17����+80$1����&$7�3521��

����܃�5227&���'21&)5621�6)3���*�6))5*$�����������������������

��������������7+(0(���&$7�1����&5227�࿝ڞ����

��������������5(68/7���&5227�ឰ���&$7�9����

�����������

��

ط୲ဲऱ፿ᆠᛩቼਢݮࢨ௑࿨ዌխ೯ဲڇ AgentΕThemeΕResultΕClause࿛௑ᇷಛ
ڇאױଚݺᒔΔإࡳլԫࠀऱ፿ᆠ௑ᇷಛנ։࣫ၸ੄࿯ڇ౒֟፿ᆠᇷಛΔ࣍ط༴૪Ζࠐ

ဲᆠඈࣴၸ੄ၞ۩۞೯ऱ፿ᆠ௑ᓳᖞΖ 

ࠠ᧯ऱᆠ଺ऱ፿ᆠૻࠫ๵ঞऱᑓী।ق㻽Κ 

Rule = (SenseAtom  Rule-Items ) 

Rule-Items=(Logic-Op {(Rule-Items)}+)  |  {(Sem-Case Logic-Item)}+ 

Logic-Item = ( Logic-Op {Logic-Item}+ )  |  { Sense-Item}+ 

Sem-Case = Agent | Theme | CO-THEME | Result | Clause | ΗΗΗ 

Logic-Op = *AND* | *OR* | *NOT* 

Sense-Item=*NOT* |  (SenseAtom Prob) |  (Relation {(SenseAtom Prob)}+) 

SenseAtom= EAT|پ |  HAPPY|壂 | ΗΗΗ 

 ൕՂ૿ऱڤݮ֏༴૪խݺଚאױ઎נᆠ଺ऱ፿ᆠ๵ঞፖรԿີऱᑓڤ๵ঞڶ

ઌۿհ๠Ζ๵ঞਢش।ऱࠐڤݮ।قऱΔ।ऱଈۯցైਐࣔ๵ঞࢬ᥆ऱᆠ଺Ζ।ऱรԲ

ႈܛ।ऱ๵ঞ᧯Ζ๵ঞ᧯طԫ୚ڍࢨ୚՗๵ঞ᧯ዌګΖޢԫ୚՗๵ঞԾਢطԫ٨ߓ௑ऱ

ૻࠫ༴૪ิګΖ௑ૻࠫ༴૪ᎅࣔԱܶڶᅝছᆠ଺ऱဲ፿ڇኔᎾ؁՗ऱ፿ᆠᛩቼխݦඨנ

෼௽ᐛᇷಛΔץਔᆠ଺֗ࠡٵ෼ᄗ෷Δຍࠄᆠ଺ױ౨ᄎ൅Ղ፿ᆠᣂএګ։ڕ PartofΔ
Material࿛Ζ௑ૻࠫ༴૪ຍࠄ௽ᐛᇷಛऱ᧤ᙀ፿ᆠᣂএΖຍࠄ᧤ᙀᣂএش*AND*Ε*OR*Ε
*NOT*࿛ฤᇆࠐ।قΖ*AND*।ڇڇقኔᎾ௑խנ෼ऱဲ፿ᆠႈᚨٵழየߩਐࡳऱ௽ᐛ
ᇷಛΙ*OR*।׽ق૞౨የߩ௽ᐛᇷಛऱٚრԫႈױܛΙۖ*NOT*ঞ๵ဲࡳ፿լᚨנ෼ٚ
۶ਐࡳऱ௽ᐛᇷಛΖ᧤ᙀሎጩլႛڇش܂אױ௑༴૪ऱ௽ᐛᇷಛՂΔՈ࣍ش܂אױլٵ

୚՗๵ঞխΖڇຍԫ్Ղऱ᧤ᙀጩฤԫ౳شࠌ*OR*Δ।ق๵ঞאױᙇش࿯נऱૉե୚՗
๵ঞխٚრԫ୚Ζ൅ڶ᧤ᙀሎጩऱૻࡳ๵ঞאױ।૪ٺጟᓤᠧऱ፿ᆠᇷಛΖ 
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3.3.2 ᆠ଺፿ᆠૻࠫ๵ঞऱګس 

㻽Աല 3.2 խ൓ࠩऱᆠ଺ٵ෼ႃٽऱᇷಛך։ሎࠩشᆠ଺ऱૻࠫ๵ঞࡳᆠխΔ֮ءආش
ԱאՀऱ᠏ངᑓࣨΔ،ױ௅ᖕٵ෼ႃٽዌທנԫଡॣࡨऱᆠ଺፿ᆠ๵ঞΚ 
ΰ1αʳኙ࣍᥆ࢤଖΕᑇၦଖᣊᆠ଺Δছٵ෼ႃٽխኔ᧯ᣊऱᆠ଺܂㻽Ϙ(;3(5,(1&(ϙ௑Ζ�

ΰ2αʳኙ࣍᥆ࢤଖΕᑇၦଖᣊᆠ଺Δ৵ٵ෼ႃٽխኔ᧯ᣊऱᆠ଺܂㻽Ϙ7+(0(ϙ௑Ι�

ΰ3αʳൕ೯܂ᣊᆠ଺ऱছ৵ٵ෼ႃٽխנ࠷ϘLPSOHPHQW_ᕴࠠϙ֗ࠡڶࢬऱՀۯᆠ଺Δല

،ଚ܂㻽Ϙ,167580(17ϙ௑Ι�

ΰ4αʳൕ೯܂ᣊᆠ଺ऱছ৵ٵ෼ႃٽխנ࠷ϘHDUWK_ՕچϙΕϘSODFH_ֱچϙΕϘVSDFH_

़ၴϙ֗ࠡڶࢬऱՀۯᆠ଺Δല،ଚ܂㻽Ϙ/2&$7,21ϙ௑Ι�

ΰ5αʳൕ೯܂ᣊᆠ଺ऱছ৵ٵ෼ႃٽխנ࠷ϘWLPH_ழၴϙ֗ࠡڶࢬऱՀۯᆠ଺Δല،ଚ܂

㻽Ϙ7,0(ϙ௑Ι�

ΰ6αʳൕ೯܂ᣊᆠ଺ऱছ৵ٵ෼ႃٽխנ࠷ϘGHJUHH_࿓৫ϙΕ�ϘUDQJH_༏৫ϙΕ

Ϙ�IUHTXHQF\_᙮෷ϙ֗ࠡڶࢬऱՀۯᆠ଺Δല،ଚ։ܑ܂㻽Ϙ'(*5((ϙΕ

Ϙ5$1*(ϙΕϘ)5(48(1&(<ϙ௑Ι�

ΰ7αʳൕ೯܂ᣊᆠ଺ऱ৵ٵ෼ႃٽխנ࠷ऱ᥆ࢤଖΕᑇၦଖᣊᆠ଺Δല،ଚ܂㻽Ϙ5(68/7ϙ

௑Ι�

ΰ8αʳല೯܂ᣊᆠ଺ऱছٵ෼ႃٽ塒Հऱኔ᧯ᣊᆠ଺܂㻽Ϙ$*(17ϙ௑Ι�

ΰ9αʳല೯܂ᣊᆠ଺ऱ৵ٵ෼ႃٽխऱ塒Հऱኔ᧯ᣊᆠ଺܂㻽 7+(0(௑Ι�

 ᠏֏ᑓࣨ൓ࠩऱᆠ଺፿ᆠૻࠫ๵ঞ㻽ΚشܓϙΔپ|ᣊᆠ଺Ϙeat܂೯࣍ኙڕࠏ
�HDW_پ���

��$*(17��
25
��+80$1_Գ���������7+,5'3(5621_ה���������ߊ_)/0$���������

�0$66_㽬���������3/$&(_ֱچ���������5,%'_ᆅ���������

�3523(51$0(_റ��������Ă�����������

���������

��7+(0(��
25
��0(',&,1(_ᢐढ��������3$57_ຝٙ���������+80$1_Գ��������

����������������)22'_ଇ঴��������Ă����

��5(68/7��
25
����$775,%87(_᥆ࢤ����������ߜ_')6,5)'����������

��

᠏ངᑓࣨ㻽ݺଚዌທԱԫଡॣࡨ๵ঞ஄Δ๵ঞ஄խࡳᆠԱᆠ଺ AgentΕThemeΕ
ResultΕInstrument࿛௑ऱૻࠫ༴૪Ζኙ࣍፿ऄࢤᔆ១໢ऱᆠ଺Δຍࠄ௑༴૪բᆖߩജΖ
๵ࡨॣڇଚᏁ૞ݺڼڂ១໢ԱΔ࣍ऱ๵ঞ༉መګس೯۞ࠄΔຍߢᑇᆠ଺ۖڍՕ࣍ਢኙ܀

ঞऱഗ៕Ղ֫ՠኙࠡၞ۩ଥޏፖᓳᖞΔףՂؘ૞ऱ௑༴૪Εଵೈᙑᎄऱ௽ᐛᆠ଺ΖڕࠏΔ

ኙڕ࣍ϘURGE|আࠌϙΔطᇠᆠ଺ࡳᆠऱဲ፿ڕϘআࠌϙΕϘං೯ϙΕϘቔᚐϙ࿛ဲ፿Δ
ԫ౳ຟ൅ڶଫ፿Δݺڼڂଚ૞㻽ࠡᏺףଫ፿।قऱ௑(EVENT)ऱૻࠫ༴૪Ιᝫطڕڶ
ϘGIVE|࿯ϙࡳᆠऱဲ፿Δԫ౳ຟ൅ڶᠨᎏ፿ΔݺଚՈ૞㻽ϘGIVE|࿯ϙࡳᆠ
CO-THEME(ၴ൷ᎏ፿)௑ऱૻࠫΖ׼๠ݺଚՈᏁ㻽ϘEXPECT|ཚඨϙ࿛ᆠ଺๵ঞࡳᆠ
CLAUSE௑༴૪Ζ 

؁Δࠏᑇၦऱࡳԫ࠷ଡᆠ଺ᙇޢൕ፿ற஄խ㻽֮ءᆠ଺ऱ፿ᆠૻࠫ๵ঞழΔޏଥڇ
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ຍ؁ࠏࠄխຟܶطڶᇠᆠ଺ࡳᆠऱဲ፿Ζݺଚ௅ᖕ೶؁ࠏەኙॣࡨ๵ঞၞ۩ଥݙޏ࿳Ζ

ࡳՠࠫ֫ڼڂ๵ঞႃΔࡨऱॣګسԫଡ۞೯ڶ٣ࠃ׊ࠀΔૻڶᆠ଺ऱ፿ᆠ๵ঞ๵ᑓ࣍ط

ፖଥޏ๵ঞࢬक़၄ऱՠ܂ၦࠀլՕΖຏመࡨॣڇ๵ঞऱഗ៕Ղၞ۩ԳՠᓳᖞऱֱऄΔݺ

ଚאױ൓ࠩԫଡለ㻽ݙ࿳ऱ፿ᆠ๵ঞႃΖ 

3.3.3 ᆠႈ፿ᆠૻࠫ๵ঞऱᒔࡳ 

ᖕπवጻρխኙᆠႈऱԫࠉᆠૻࠫ๵ঞ৵ΔࡳଖΕᑇၦଖᣊᆠ଺ࢤᣊᆠ଺֗᥆܂㻽೯ڇ

 ୲ဲऱٚრԫଡᆠႈऱ፿ᆠૻࠫ๵ঞΖݮࢨ೯ဲګسچ೯۞אױଚݺΔࡳ๵ࠄ

ኙ࣍೯܂ᣊ೯ဲΔDEFႈऱรԫۯᆜ׽౨ਢٙࠃᣊ๵ࡳऱ׌૞௽ᐛΙאױڼڂऴ൷
ലᆠႈรԫۯᆜՂऱᆠ଺ऱૻࠫ๵ঞ܂㻽ᇠᆠႈऱૻࠫ๵ঞΖ 

ؚ �ΚEX\_၇�FRPPHUFLDO_೸�

ؚ �ΚH[HUFLVH_᝽ᒭ�VSRUW_᧯ߛ�

پ �ΚHDW_پ�

پ �ΚGHVWUR\_௣ᄰ�PLOLWDU\_૨�

ϙΕپ|ଚ։ܑലϘbuy|၇ϙΕϘexercise|᝽ᒭϙΕϘeatݺՂ૿༓ଡ೯ဲᆠႈΔڇ
Ϙdestroy|௣ᄰϙऱૻࡳ๵ঞ܂㻽ؚ 1Δؚ 2Δپ 1Δپ 2ऱૻࡳ๵ঞΖ 

ۖኙݮ࣍୲ဲΔ،ଚऱᆠႈ׌૞ط᥆ࢤଖᣊᆠ଺֗ᑇၦᣊᆠ଺ዌګΖϘ᥆ࢤଖϙਢ

׌ऱഄԫऱ࢚ᑇၦଖᄗ࣍᥆ڶࢬ૞௽ᐛΔϘᑇၦଖϙਢ׌ऱഄԫऱ࢚ଖᄗࢤ᥆࣍᥆ڶࢬ

૞௽ᐛΔ،ଚ։ܑਢݮ୲ဲऱٺᆠႈऱଈۯᑑᢝΙ᥆ࢤଖᣊᆠ଺ࡉᑇၦଖᣊᆠ଺ೈଈۯ

ᑑᢝ؆ؘႊᝫڶܶץԫଡڻ૞௽ᐛΖڇรԲۯցՂԫࡳ૞ᑑࣹᇠ᥆ࢤଖࢨᑇၦଖࢬਐٻ

ऱ᥆ࢨࢤᑇၦ௽ᐛΙۖຏൄ࿪ՕڍᑇൣउՀڇรԿۯᆜՂᑑࣹᇠ᥆ࢤଖࢨᑇၦଖऱࠠ᧯

ଖΔۖຍࠠࠄ᧯ଖإਢݺଚࢬტᘋᔊऱΖڶழڇ DEFรԿۯᆜ৵ᝫڶԫܗ᎖ࠄ௽ᐛΔ،
ଚ׽ਢၞԫޡኙᣂ᝶ᆠ଺ၞ۩ᇖךᎅࣔΔኙᆠႈऱ፿ᆠᐙ᥼ৰ՛Δݺڼڂଚࡳڇᆠݮ୲

ဲऱૻࠫ๵ঞխΔ׽ᏁەᐞรԿۯऱᆠ଺ΖڕࠏՀ૿ਢ༓ଡݮ୲ဲऱᆠႈࡳᆠΚ 

  ؎Օ 1ΚDEF=aValue|᥆ࢤଖ,size|֡՚,big|Օ 

  ؎Օ 2ΚDEF=QValue|ᑇၦଖ,amount|֟ڍ,many|ڍ 

  ଉ 1ΚDEF=aValue|᥆ࢤଖ,circumstances|ቼउ,flourishing|ᘋ,desired|ߜ 

  ଉ 2 ΚDEF=aValue|᥆ࢤଖ,odor|௛࠺,fragrant|ଉ,desired|ߜ 

|ϙΕϘflourishing|ᘋϙΕϘfragrantڍ|ଚലᙇᖗϘbig|ՕϙΕϘmanyݺ՗խΔࠏՂ૿ऱڇ
ଉϙऱᆠ଺ૻࠫ๵ঞ܂㻽ኙᚨݮ୲ဲᆠႈऱ፿ᆠૻࠫ๵ঞΖ 

ኙ࣍ၦဲݺଚՈאױ۞೯ࠫૻګس๵ঞΔ๵ঞխ๵ࡳၦဲଥ堸ऱဲऱ፿ᆠ௽ᐛΖڇ

πवጻρխΔټၦဲऱࡳᆠ㠪شϘ&ϙᑑࣹࠡਐٻऱ᥆ࠃࢨࢤढऱᣊীΙڕࠏΚ 

 עၦ,&publications|஼ټ|Κ DEF=NounUnitء
ᔖΚ DEF=NounUnit|ټၦ,&LandVehicle|߫ 



 

 

ԫጟഗ࣍वጻऱ፿ᆠඈࣴᑓীઔ63      ߒ 

ءխΔᆠႈϘࠏՂڕ๵ঞΖࡳ㻽ᆠႈऱૻ܂Ϙ&ϙᑑࣹऱᆠ଺ނऴ൷אױଚ༉ݺਢ࣍ 1ϙ
ፖϘᔖ 1ϙऱ๵ঞ։ܑ㻽 

ء 1Κ(THEME publications|஼ע) 
ᔖ 1Κ(THEME LandVehicle|߫) 

ፖٵڼழΔݺଚᝫאױ㻽ਬࠄ፿ᆠ௑ࡳᆠຏشऱ๵ঞΔא๠෻խၴ࿨ዌխլ౨௅ᖕ

ჸ಻ᣂএၞ۩ඈࣴऱဲ፿Ζຍࠄ፿ᆠ௑ຏൄܶڶለࣔ᧩ऱ፿ᆠ௽ᐛΔڕ LOCATION ௑
խԫ౳ܶچڶរ࿛ᇷಛΔۖ TIME ௑խԫ౳ܶڶழၴ࿛ᇷಛΔڼڂΔݺଚאױ㻽ຍࠟଡ
௑ࡳᆠຏشऱૻࡳ๵ঞڕՀΚ 

LOCATIONΚ(*OR* PLACEֱچ) 
        TIMEΚ    (*OR* ழၴ) 

3.4  ဲᆠඈࣴዝጩऄऱᇡา༴૪ 

ՂԫᆏտฯԱ۶ڕᛧ൓ဲ፿ᆠႈऱ፿ᆠૻࠫ๵ঞΖءᆏലಘᓵ۶ڕሎشᆠႈऱ፿ᆠ๵ঞ

 ऱխၴ࿨ዌխၞ۩ဲᆠඈࣴΖࡳ࿯ڇ

3.4.1 ᒔဲࡳ፿ऱ፿ᆠᛩቼ 

ᛧ൓ਬԫኔᆠဲऱՂՀ֮چऄΔ㻽Աֱঁֱقऱ।ߢอխၴ፿ߓԱᖲ᤟נรԲີ࿯֮ء

ઌᣂဲΔݺଚ٣ലխၴ፿ߢ᠏ګ࣋㻽ژࠉᣂএᖫऱڤݮΖᖫऱ௅࿨រਢ؁՗ऱு֨ဲΔ

։㻽ګॵ᥆ٺא՗ᖫ։ܑՈਢࠄ㻽௅࿨រऱ՗ᖫΔຍ܂։༉ګு֨ဲ֭಻ऱॵ᥆࠹הࠡ

௅࿨រۖ৬مದࠐऱژࠉᣂএᖫΖڕࠏᙁԵ؁Ϙፂଥ/ቹ஼塢/ऱ/़ᓳϙऱࠟଡױ౨ऱ؁
ऄ࿨ዌᖫڕՀΚ 

ቹ 3.1 ((ፂଥʳ ቹ஼塢)ऱʳ ़ᓳ)      ቹ 3.2 (ፂଥ(ቹ஼塢ऱʳ ़ᓳ)) 
ऱᖫ࿨ዌ         ऱᖫ࿨ዌ 

፿ဲڶᣂএΚ๻ࡳᆠဲ፿ऱૻࡳଚݺ፿ऱՂՀ֮፿ቼছဲࡳᒔڇ AΔBΔ؁ڇ࣠ڕ
՗խ A ଥ堸Ε֭಻ BΔঞጠڇᅝছ؁խ A ਢ B ऱૻဲࡳΔB ਢ A ऱ๯ૻဲࡳΖຍ㠪ऱ
ဲ࣠ڕᣂএऱԫኙဲխΔژࠉس፿ऄᎁ㻽࿇ژࠉΚٵլࢬڶᣂএژࠉᣂএፖႚอऱࡳૻ

Aଥ堸ဲ BΔঞ B㻽ဲ׌ΔA㻽ൕ᥆ဲΔAਢ Bऱॵ᥆ګ։Δژࠉڇᣂএᖫխ᧯෼㻽 A
ਢ Bऱ՗࿨រΙۖݺڇଚࡳᆠऱૻࡳᣂএխ๯ૻဲࡳঞਢૻဲࡳऱଥ堸֭಻ढٙΖڕኙ
ݮΙADJЀNPऱဲࡳ፿Εᎏ፿ऱૻ׌೯ဲ༉ਢ؁՗ऱဲ፿׌ᎅΔࠐᘯᎏ࿨ዌऱ؁՗׌࣍

� �

�

Theme 
ፂଥΰVα

ቹ஼塢ΰNα 

़ᓳΰNα 
ATTRIBUT Theme

ፂଥΰVα

ቹ஼塢ΰNα 

़ᓳΰNα
ATTRIBUT
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୲ဲ࿍፿խ ADJ ਢ NP ऱૻဲࡳΖဲࡳૻ࣠ڕፖ๯ૻဲࡳհၴਢೣإऱଥ堸ᣂএΔڕ
ADJ+NP,NP+NP ࿛Δૻךဲࡳᅝ ATTRIBUTEΕMANNER ࿛ॵ᥆ګ։Δঞژࠉڇᣂএ
ᖫխ᧯෼㻽ૻဲࡳਢ๯ૻဲࡳऱ՗࿨រΙ࣠ڕ،ଚհၴਢ׌ᘯ࿨ዌΔڕ NP+VP+NP(׌ᘯ
ᎏ)ΕNP+ADJP࿛Δঞૻڇဲࡳᖫխךᅝ๯ૻဲࡳऱ׀࿨រΖ 

ຍࠟᣊဲऱေᏝዝጩऄլઌ࣍طਢဲࡳፖॺૻဲࡳ૞ኙဲ፿೴։ૻאࢬଚհݺ

Δ،ऱᆠႈᙇش܂૞ऱଥ堸֭಻׌፿հၴऱჸ಻ᣂএխದထဲڇဲࡳᆠΔૻࡳΖ௅ᖕٵ

ᖗ֗ေᏝ։ᑇᐙ᥼ထᅝছ։࣫࿨ዌऱ᜔᧯ေᏝଖΖࠠڇ᧯ऱዝጩऄኔ෼ՂΔૻဲࡳऱေ

Ꮭਢຏመٺଡᆠႈऱኔࠏႃፖ،ऱ๯ૻဲࡳ፿ႃऱֺለᛧ൓ऱΙۖॺૻဲࡳऱေᏝঞ૞

ᖕΖኙࠉ㻽ေᏝ܂ऱ່೏ֺለଖࠏፖຍଡᆠႈऱኔ࠷հ৵ၞ۩Δᙇࡳᆠႈᒔဲࡳૻࠡڇ

ԫལᣂএᖫၞ۩ေᏝ༉ਢ৬ڇمኙ؁խךᅝૻဲࡳऱဲ፿࿨រऱေᏝՂऱ[ᇯᓡࣟ 
1996]Ζ 

ኙ࣍ԫଡךױᅝૻဲࡳऱဲ፿Δݺଚࡳᆠ،ऱՂՀ֮፿ቼΔՈጠ㻽ՂՀ֮࿗ՑΔਢ

؁՗ऱԫଡ؁ऄ࿨ዌΔຏመᇠ࿨ዌኙᚨࡳऱ௑ᇷಛΖ࿯ڶࠠࢬՂࠀऱဲ፿ࡳ๯ࠡૻڶࢬ

ऱژࠉᖫΔݺଚאױৰֱঁچ൓ࠩဲٺऱՂՀ֮፿ቼΖՀ૿ਢဲ፿ڇᅝছژࠉᖫխऱ፿

ቼᙇ࠷଺ঞΚ 

՗࿨រऱࠡ࠷፿ਢ೯ဲΔঞᙇဲ࣠ڕ ��� $*(17Ε7+(0(Ε0$11(5Ε7(16(Ε722/6Ε

/2&$7,21Ε7,0(࿛ॵ᥆ګ։Ι�

࿨រऱ׀፿㻽ࠡဲ࣠ڕ ��� 3523267,21�ൕ؁�Ε$775,%87(࿛ॵ᥆ګ։ΔঞᏁࠀՂ׀࿨

រࠀലࠡ௑ࣹ㻽 3DUHQWΙ�

೯ဲऱ፿ᆠ௑㻽࣠ڕ ��� (9(17Δຍழ೯ဲ೚ଫ፿؁㠪ऱଫ፿Δڼழ೯ဲڇࢬଫ፿؁խ

ऱᎏ፿ᚨךᅝࠡ $*(17௑Ι�

೯ဲऱ፿ᆠ௑㻽࣠ڕ ��� 7+(0(Δຍழ೯ဲ೚ᎏ፿ࢨ՛؁ᎏ࿨ዌऱᎏ፿ൕ؁Ζ࣠ڕᇠ೯

ဲऱ $*(17፿ᆠ௑լڇژΔঞףԵ׀࿨រ፿ቼխऱ $*(17௑Ζ࣠ڕᇠ೯ဲਢ๯೯፿

ኪΔ૞ല $*(17௑ޏ㻽 7+(0(௑Ι�

೯ဲऱ፿ᆠ௑㻽࣠ڕ ��� 68%(9(17Δຍழ೯ဲ೚ຑ೯؁ΔঞףԵ׀࿨រऱ׌፿ဲ֗ࠡࢬ

ᇠ೯ဲਢ๯೯፿ኪΔ૞ല࣠ڕᅝऱ፿ᆠ௑Ζך $*(17௑ޏ㻽 7+(0(௑Ι�

㻽׊୲ဲݮ፿ਢဲ࣠ڕ ��� $775,%87(௑Δঞᙇ׀ࠡ࠷࿨រࠀലࠡ፿ऄ௑ࣹ㻽 7+(0(Ι

୲ဲ㻽ݮ࣠ڕঞܡ 35(',&$7(௑Δݮܛ୲ဲ܂।፿Δঞᙇݬכ࠷࿨រխऱ

([SHULHQFHU௑Ι�

㻽׊፿ਢၦဲဲ࣠ڕ ��� 4XDWLW\௑Δঞᙇ׀ࠡ࠷࿨រࠀലࠡ፿ऄ௑ࣹ㻽 7+(0(Ζ�

3.4.2 ဲ፿ऱေᏝଖૠጩ 

ڇ 3.3.3խտฯԱ೯ဲΕݮ୲ဲ֗ၦဲऱᆠႈऱ፿ᆠૻࡳ๵ঞᛧֱ࠷ऄΖՂԫᆏ༴૪۶ڕ
൓ࠩԫལխၴ፿ߢऱ࿨ዌژࠉᖫխ֭ٺ಻ဲऱՂՀ֮፿ቼΖ෼אױڇ௅ᖕဲ፿ڇࢬ፿ᆠ

ᛩቼ֗ࠡٺᆠႈऱૻࡳ๵ঞխࢬ༴૪ऱ፿ᆠᛩቼၞ۩ઌۿ৫ऱૠጩΖ 
1)ဲ፿ᆠႈፖ๵ঞऱ௑ૻࠫ༴૪ऱઌۿ৫ 

πवጻρխ༼ࠎԱ೯܂ᣊΔኔ᧯ᣊΕ᥆ࢤଖᣊ࿛ᆠ଺։ᣊᖫΔᆠ଺ၴऱ፿ᆠ၏ᠦፖᆠ଺
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ଡᆠ଺ऱ፿ᆠ၏ࠟقᣂΚ່࿍ሁஉ။९Δঞ।ڶ։ᣊᖫኙᚨ࿨រၴऱ່࿍ሁஉऱᢰᑇڇ

ᠦ။᎛Δ،ଚऱઌۿ࿓৫။՛Ζ׊ࠀΔ࣍ۯ։ᣊᖫՀຝऱԫኙ׀՗࿨រኙᚨऱᆠ଺ၴऱ

፿ᆠ၏ᠦᚨᅝ՛ࠡ࣍ۯ࣍Ղऱٚრԫኙ׀՗ΖڼڂΔڇૠጩ፿ᆠ၏ᠦழᚨኙ։ᣊᖫՂऱ

ᢰףᦞΖڼ؆Δૠጩխᝫᚨ᧯෼נլٵᣊীऱᆠ଺(ڕኔ᧯ᣊፖ೯܂ᣊ)հၴ፿ᆠऱլױ
 ՀΚڕᆠࡳ৫ऱۿ፿ᆠઌࡉΖ௅ᖕՂ૪։࣫Δᆠ଺ၴ፿ᆠ၏ᠦࢤֺ

๻ᆠ଺ AΕBΔ،ଚ։ܑ࣍ۯ։ᣊᖫऱร aࡉร bᐋ(๵ࡳ௅࿨រ㻽ร 0ᐋ)Δ،ଚऱ
່२ٵ٥లאױ)٣ਢ Aࢨ B࣍ۯ(ߪءร cᐋΔঞ Aፖ Bऱ፿ᆠ၏ᠦ㻽Κ 

�(3.1)
䥉ܡ

լٵڇԫལ։㮕䰵ՂB࣠ڕ㠼଺A,

;    2/))()((

;             MAXVALUE
B)ATOM(A,-DISTANCE

1 1

a

ci

b

cj
jWeightiWeight

�

ࠡխᦞଖࠤᑇᚨਢԫଡ໢ᓳᎠ྇ऱࠤᑇΖ๻ᅝছ։ᣊᖫऱᖫ೏㻽 DepthΔݺଚࡳᆠ
ऱᦞଖࠤᑇڕՀΚ 

:HLJKW�L�� ��
�'HSWK�̢�L�����'HSWK
�'HSWK������ � ΰ3.2α�

  ۖᆠ଺ AΔBऱ፿ᆠઌۿ৫㻽Κ 

(3.3)   
;     100 * B))ATOM(A,-DISTANCE-(1

;       0
B)ATOMS(A,SIM
BA,

䥉ܡ

լٵڇԫལ։㮕䰵࣠ڕ㠼଺ �

ࠡխ MAXDISTANCEਢᆠ଺ Aڇࢬ։ᣊᖫऱ່९ऱ፿ᆠ၏ᠦΖ 

৫խऱۿᆠऱ፿ᆠ၏ᠦፖ፿ᆠઌࡳՂא AΔBਢٌױངऱΔܛ Aፖ Bऱ፿ᆠઌۿ৫
࿛࣍ Bፖ Aऱ፿ᆠઌۿ৫Ζ܀ਢݺଚലᄎ઎ࠩΔSIM-ATOMSխֺለऱਢᑓڤᆠ଺ Aፖ
ኔᎾᆠ଺ Bհၴऱઌۿ৫Ζ࣠ڕኔᎾᆠ଺ Bਢᑓڤᆠ଺ AऱՀۯΔঞ،ଚऱ፿ᆠ၏ᠦᚨ
ֺለ՛Δ࣠ڕ๵ঞᆠ଺ڇኔᎾᆠ଺ऱՀࢨۯਢ،ଚ׽ਢᖑڶਬଡઌٵల٣ऱࠟଡ࿨រΔ

ঞ፿ᆠ၏ᠦᚨለՕΖຍᑌݺଚᚨኙ፿ᆠ၏ᠦࠤᑇଥڕޏՀΚ 

)(3.1'  
   2/))()(*(

            MAXVALUE
B)ATOM(A,-DISTANCE

; 

; 

1 1
䥉ܡ

լٵڇԫལ։㮕䰵ՂB࣠ڕ㠼଺A,
a

ci

b

cj
jWeightiWeightm

�

ᨃאױଚݺኔᎾૠጩխΔڇ m ऱଖ࠷൓ߩജՕΔࠌ൓ᅝᆠ଺ B ਢᆠ଺ A ऱ՗୪࿨
រழ፿ᆠ၏ᠦለ՛Δܡঞല൓ࠩԫଡለՕऱ፿ᆠ፿ᠦΖ௅ᖕኔ᧭ΔMଖ๻ࡳ㻽 5౨ജ࠷
൓ֺለړऱඈࣴய࣠Ζ  
2)ဲ፿ᆠႈፖ๵ঞऱ௑ૻࠫ༴૪ऱઌۿ৫ 

ᆠႈऱ፿ᆠૻࠫ๵ঞխࡳᆠԱਬԫ፿ᆠ௑ױ౨נ෼ऱ௽ᐛᆠ଺ऱ᧤ᙀิٽΔۖဲ፿ऱᆠ

ႈਢطᆠ଺֗፿ᆠᣂএዌګऱΖݺଚݦඨ౨౨ജࡳܒԫଡᆠႈየߩ๵ঞऱ௑ૻࠫ༴૪ऱ
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࿓৫Δܛᆠႈፖ๵ঞऱ௑༴૪ऱઌۿ৫Ζ 

๻ਬᆠႈ፿ᆠ๵ঞխ๵ࡳԱਬ௑ऱૻࠫ༴૪㻽 CΔ 
C=(OP (R1 S1) (R2 S2)�…(Rm Sm) ,CR1,CR2,CRz)Ζ 
ࠡխኙ࣍ 1 i m,R�’i RelationSetΔSiਢ༴૪խڗଈ፿ᆠᣂএ㻽 R�’iऱ௽ᐛᆠ଺Ζ༴૪խױ

౨ܶڗྤڶଈ፿ᆠᣂএऱᆠ଺Δ،ଚߪء༉ਢ௑༴૪ऱ௽ᐛ፿ᆠ᥆ࢤΔ㻽Աঅ਍ૠጩऱ

อԫࢤΔլ݋೗ࡳຍࠄᆠ଺ऱڗଈ፿ᆠᣂএ㻽 PropertyΖOP ਢ᧤ᙀิٽሎጩฤΔץਔ
*AND*,*OR*,*NOT*Δ،ଚऱפ౨ڇছ૿բᎅࣔመΖCRi(1 i z)ਢ൅ڶ᧤ᙀิٽሎጩฤ
ऱ༊୚፿ᆠ༴૪ႃΖ 

෼ڶԫဲ፿ᆠႈ Entry=((R�’1 E1) (R�’2 E2)�…(R�’n En)) ኙ࣍ 1 i nڶ Ei AtomSetsΔ 
Ri RelationSetΖٵ෻Δኙ࣍ᆠႈխྤڗଈ፿ᆠᣂএऱᆠ଺ΔݺଚՈ೗ڗࠡࡳଈ፿ᆠᣂএ
㻽 PropertyΖ 

๻(R S)ਢ CխऱԫଡցైΔࠡխ S=( (atom1 prob1) (Atom2 Prob2)�…(Atomm Probm) )Δ
 ᑇࠤᆠࡳ

�����
            ;     

   proba)ATOMS(atom-SIM
E'aS,prob) (atom

MAX
Entry), S) , EM((RRELATIONIT-ENTRY-SIM

0

RR',1 ,; i,
i

䥉ܡ

ڇژ࣠ڕڶ nii �

૞൓ࠩ Cፖ Entryऱઌۿ৫Δאױല OPऱሎጩցڻࠉፖ Entryၞ۩ઌۿ৫ऱૠጩΔ
௅ᖕࠀ OPऱଖൕૠጩ࿨࣠խਗᙇٽנᔞऱ࿨࣠Ζࣹრኙ࣍ CRi(1 i z)ΔᏁ૞Ꭰಱၞچ۩
ૠጩΖ 

ٽᆠႃࡳଚݺ RSਢ OPऱޢԫଡሎጩցፖ Entryֺለऱઌۿ৫ႃٽΔܛ 

RS={SIM-ENTRY-RELATIONITEM( (Ri , Si), Entry) | 1 i m} 
��� ^�6,0�(QWU\�6&�(QWU\���&5M��_��İLİ]�`� � � � � ���  (3.5) 

࣠ڕ OP㻽*AND*Δ௅ᖕ 3.3.1խऱࡳᆠΔ׽૞ RSႃٽխڶԫଡցైऱֺለଖለ՛Δ
१ڃऱଖ༉ᚨᇠ՛Δڼழᚨൕ RS խᙇ࠷ԫଡ່՛ଖΙ࣠ڕ OP 㻽*OR*Δঞ।قႃױٽ
ழᚨൕڼ۶ԫֺለଖΔຍᑌٚ࠷ RSխᙇ࠷ԫଡ່ՕଖΙ࣠ڕ OP㻽*NOT*Δ।قႃٽխ
ऱଖ֘ۖᚨᇠ՛Δ֘հցైऱଖֺለ՛ڃᇠցైଖֺለՕΔ१࣠ڕ׊ࠀԫଡցైΔڶ׽

ऱᇩΔ१ڃऱଖᚨᇠՕΖڼڂΔݺଚشאױ 1ፖցైଖऱ஁ࠐૠጩֺለઌۿ৫Ζ 

ጵՂࢬ૪Δࡳאױᆠ Cፖ Entryऱઌۿ৫㻽 

㦍㣞OP

㦍㣞OP

㦍OP㣞

**NOT

 **AND

 **OR

;     -1 RS

             RS

              RS

; 

;

   CaseRule)SC(Entry,ENTRYSIM
MAX

MIN

 MAX
�� (3.6) 

3)ဲ፿ऱေᏝዝጩऄ 

ዝጩऄ 3.3Κဲ፿ऱေᏝዝጩऄ 



 

 

ԫጟഗ࣍वጻऱ፿ᆠඈࣴᑓীઔ67      ߒ 

ᙁԵΚဲ፿Word֗WordऱՂՀ֮፿ቼ ENVΔࠡխ 

 ENVЈ((CASE�’1 WORD1 CAT1)(CASE�’2 WORD2 CAT2)�…(CASE�’n WORDn CATn)) 

ᙁנΚWord֗Wordi(1 i n)ڇ ENVխऱ່ࠋᆠႈ֗ေᏝଖΔ،ଚڕאՀ।ऱڤݮᙁנΚ 

 ((Word Mark BestEntry)(word1 Mark1 BestEntry1)�…(wordn Markn BestEntryn)) 

ᆠΚEnvBestMark,EnvBestEntry։ܑಖᙕࡳ wordiڇ ENVխऱᅝছေᏝଖ່֗ࠋᆠႈΙ 

WordBestMark,WordBestEntry։ܑಖᙕ wordऱᅝছေᏝଖ່֗ࠋᆠႈΙ 

Բፂೄ٨ Best-Mark-Entry[wordi,Entry]אشಖᙕ wordiኙ࣍ Word ऱ Entry ᆠႈऱေ
Ꮭଖ່֗ࠋᆠႈΙ 

ᑇࠤ GET-ENV-CASE-WORD(ENVΔCASE)אش१ڃ ENVխ௑㻽 CASEऱႈΙ 

 ᨏΚfor each Entry1 in Entries-of-Word(Word)ޡ
ૠ᜔։ᑇีח�^� 7 �Ι�

��ᒔࡳ (QWU\�ऱ፿ᆠૻࠫ๵ঞႃٽ 5XOH6HW��

��IRU�HDFK�5 5XOH6HW�

^�๻ 5 ��&$6(�ʳ &$6(6&���&$6(��&$6(6&���Ă�&$6(P�&$6(6&P��Ι�

��IRU�HDFK��&$6(�&$6(6&��LQ�5�

��^�๻ *(7�(19�&$6(�:25'�(19Δ&$6(�ऱ१ڃଖ㻽�&$6(�:RUGL�&$7L�Ι�

����(QY%HVW0DUN 0,1,080��
����IRU�HDFK�(QWU\��RI�(QWULHV�RI�:RUG�:RUGL��

������LI��(QWU\�ऱဲࢤ㻽 &$7L��WKHQ�

����������^�FXU0DUN 6,0�(175<�6&�(QWU\��&$6(6&���

������������LI�FXU0DUN!(QY%HVW0DUN�WKHQ�

�������������^��(QY%HVW0DUN FXU0DUN��

����������������(QY%HVW(QWU\ (QWU\���

�������������`�

����������`�

������%HVW�0DUN�(QWU\>ZRUGL�(QWU\�@� ��ZRUGL�(QY%HVW0DUN�(QY%HVW(QWU\���

������7� �7���(QY%HVW0DUN��
�����������`��

��������7 7���_5_��

��������LI��7!�:RUG%HVW0DUN�WKHQ�

����:RUG%HVW0DUN 7��:RUG%HVW(QWU\ (QWU\���

�����``�

 Result = {(Word WordBestMark WordBestEntry)} ח
��������8�^%HVW�0DUN�(QWU\>Z�:RUG%HVW(QWU\@�_��&$6(�Z�&$7�� (19`�

१ڃ Result; 

ዝጩऄଈ٣ᒔࡳ word ୚Ζലڍڶ౨ױᆠႈऱ፿ᆠ๵ঞႃΔࣹრᆠႈऱ፿ᆠ๵ঞٺ
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๵ঞխ௑ऱૻࠫ༴૪ፖٺ wordऱ፿ᆠᛩቼ ENVխဲٺ፿ऱᆠႈၞ۩ઌۿ৫ऱૠጩΔຍ
࣍፿ઌኙဲࠄ wordᅝছᆠႈऱ່Օઌۿ৫ଖ֗ኙᚨᆠႈಖᙕ࣍ԫଡԲፂೄ٨խΖ൷ထዝ
ጩऄ௅ᖕ ENVխဲٺ፿ऱ່Օઌۿ৫ૠጩwordᅝছᆠႈऱေᏝଖΖ່ ৵Δዝጩऄނword
ऱ່ࠠڶՕေᏝଖऱᆠႈ܂㻽 wordऱ່ࠋᆠႈ BestEntryΔຍԫ່ՕေᏝଖ܂㻽 wordऱ
ေᏝଖΖٵழΔዝጩऄൕԲፂೄ٨խנ࠷ ENVխဲٺ፿ઌኙ࣍ BestEntryऱ່Օઌۿ৫
֗ᆠႈΔࠀലࠡ܂㻽ᇠဲ፿ڇ wordऱ፿ቼխऱေᏝଖ່֗ࠋᆠႈΖ 

3.4.3 ဲ፿ऱᆠႈᙇᖗ 

ዝጩऄڇ 3.3 ࿯נԱဲ፿ऱေᏝଖૠጩֱऄΖᇠዝጩऄאױ൓ࠩխၴ࿨ዌխဲဲࡳૻٺ
ऱေᏝଖ່֗ࠋᆠႈΔٵழᝫאױᒔ࠹ࡳᇠဲ፿ૻࡳऱဲٺ፿ڇᇠဲ፿ऱ፿ቼխऱေᏝ

ଖ່֗ࠋᆠႈΖءᆏխտฯڇ۶ڕխၴ፿ߢ࿨ዌխၞ۩ဲᆠऱᙇᖗΔဲܛᆠඈࣴΖ 

ࠐ፿ၞ۩ᆠႈᙇᖗΖԫ౳ဲٵኙլݧऱ٣৵ႉࡳԫאࠐࢤऱ፿ऄ௽ࢤਊᅃဲ֮ء

ᎅΔ೯ဲऱჸ಻ᣂএኙ࿨ዌऱ፿ᆠ፿ᆠᐙ᥼່ՕΔࠡڻਢݮ୲ဲΖ௅ᖕຍԫ଺ঞΔݺଚ

 ᨏዝጩऄΚޡՀဲᆠᙇᖗऱאԱנ༽

1Κ໌৬ԫଡ RESULT শݦ।Δ،ऱԵՑਢ࿨ዌژࠉᖫխٺ࿨រኙᚨऱဲ፿Δޢଡ
ԵՑႈऱଖ༉ਢԵՑဲ፿ऱঀᙇᆠႈႃ֗ٽ࿨រऱေᏝ։ଖΖဲ࣠ڕ፿ڇ։࣫ၸ੄բᆖ

ૠጩנᆠႈႃ֗ေᏝ։ᑇΔ༉ല،ଚ๻㻽ઌᚨऱႈଖΔܡঞॣࡨऱଢᙇᆠႈ㻽ဲ፿ऱࢬ

ᆠႈΔۖဲ፿ေᏝ։ଖ㻽ڶ MINIUMΖ 

2Κਊ۟ٻࢍՂऱႉݧኙ࿨ዌژࠉᖫխऱ೯ဲ࿨រၞ۩ဲᆠᙇᖗΔലᙇᖗ࿨࣠ႃױ)ٽ
౨ܶڶԫଡڍࢨଡऱցై)֗ေᏝ։ଖჄԵ RESULT শݦ।ऱઌᚨႈխΖኙ࠹ᇠ೯ဲૻ
ᇠ೯ဲՀऱေᏝ։ଖ່֗ᚌᆠႈΔലຍଡေᏝ։ଖፖڇ൓ࠩאױଚݺ፿Δဲڶࢬऱࡳ

RESULT ।խኙᚨႈऱေᏝଖၞ۩ֺለΔޓ࣠ڕՕΔঞല່ڼᚌᆠႈႃٽፖ։ଖཙז଺
 ऱփ୲Ζࠐ

3Κፖร 2 ઌᚨऱޏޓࠀᆠᙇᖗဲ۩ၞဲࡳ୲ဲ֗ࠡૻݮڶࢬΔኙᖫխۿᣊޡ
RESULT।ႈΖ 

4Κፖร ઌᚨऱޏޓࠀᆠᙇᖗဲ۩ၞဲࡳၦဲ֗ࠡૻڶࢬΔኙᖫխۿᣊޡ2 RESULT
।ႈΖ 

5Κኙژࠉᖫխᝫၞآ۩መဲᆠඈࣴऱ࿨រΔڇࢬࠡ࣠ڕ፿ᆠ௑ڶຏشऱૻࠫ๵ঞΔ
ঞ௅ᖕຏش๵ঞၞ۩ဲᆠᙇᖗΔޏޓઌᚨऱ RESULT।ႈΖ 

6Κኙژࠉ࣍ᖫऱޢଡဲ፿࿨រΔࠩ RESULT ।਷נኙᚨႈऱᆠႈႃٽΔലຍࠄᆠ
ႈऱڶࢬ૎֮ኙ᤟ဲ܂㻽։࣫࿨ዌऱဲ፿᤟֮Ζ 

3.4.4 ဲᆠඈࣴዝጩऄࠏق 

Հ૿ݺଚࠐ઎઎۶ڕሎີءش࿯נऱዝጩऄၞ۩ဲᆠऱඈࣴΔ๻ڶᙁԵ؁ 
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Ϙटटڇإଥ߷؀៱ሽီࡋΖϙ 

։࣫৵൓ࠩऱխၴ࿨࣠㻽Κ 
��&$7�9���&5227�ଥ��

��$*(17����&$7�1���&5227�टट����

��7+(0(���&$7�1���&5227�ሽီ��

�����������$775,%87(�����&$7�$'-���&5227�៱����

�������������

��� ലխၴ࿨࣠।ق㻽ژࠉᣂএᖫऱڤݮΚ�

��� ᒔࡳ೯ဲऱՂՀ֮፿ᆠᛩቼΚ�

���ଥ���$*(17�टट�1���7+(0(�ሽီ 1����

ʳ �៱���7+(0(�ሽီ 1����

��� ᒔࡳխၴ፿ߢ࿨ዌխٺ፿ᆠऱᆠႈ๵ঞ�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

Theme

टटΰNα ሽီΰNα

ଥΰVα 
AGENT 

Attribute
៱(ADJ) 
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। 3.2խၴ፿ߢ࿨ዌխٺ፿ᆠऱᆠႈᇷಛ। 
ဲ

፿�

ᆠႈᇷಛ�

ᆠႈࡳᆠ� ᆠႈ๵ঞ� ኙᚨ᤟֮�

ଥ� 3XW,Q2UGHU_ᖞ෻� ���$*(17�
25
���+80$1_Գ����������

��7+(0(�
25
���63$&(_़ၴ�������

�����������������)$&,/,7,(6_๻ਜ�������

�����������������Ă����

SUXQH��

WULP�

5HSDLU_ଥ෻� ���$*(17�
25
���+80$1_Գ����������

��7+(0(�
25
���3$57_ຝٙ�������

�������ࠠش_/722�����������������

�����������������Ă����

PHQG��

UHSDLU��

RYHUKDXO�

6WXG\_ᖂ� ���$*(17�
25
��+80$1_Գ����������

��7+(0(�
25
��('8&$7,21_ඒߛ�������

���������������.12:/('*(_वᢝ�������

�����������������Ă����

FXOWLYDWH��

VWXG\�

ट

ट�
+XPDQ_Գ��

IDPLO\_୮��

0DOH_ߊ�

1,/� '$'��

IDWKHU��

SDSD�

ሽ

ီ�
,PDJH_ቹቝ��

6KRZV_।ዝढ�

1,/� WHOHYLVLRQ�

7RRO_ࠠش� 1,/� WHOHYLVLRQ

�VHW���

79�VHW�

៱� 8VHG_៱� �7+(0(��
25
���FORWKLQJ_۪ढ��������

�������ࠠش/722�����������������

������������Ă���

ROG��XVHG��

ZRUQ�

3DVW_࣏�� �7+(0(��
25
���7,0(_ழၴ�������

����������������Ă���

ROG��SDVW��

E\JRQH�

2ULJLQDO_଺� �7+(0(��
25
���3+<6,&$/_ढᔆ�������

����������������Ă���

IRUPHU��

RQHWLPH�

�

��� ኙϘଥϙٺᆠႈ֗ࠡ፿ᆠᛩቼऱဲ፿ၞ۩ေᏝ֗ᙇဲΖ࿨࣠ڕՀΚ�

�

�

�

�

�

�

�

�

�

�
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। 3.3 Ϙଥϙٺᆠႈڇ፿ቼխऱေᏝ։ଖ່ኙᚨᆠႈ 

ᆠႈ� ፿ᆠᛩቼխऱဲ፿ေ։� ᆠႈေ

Ꮭ։ᑇ�टट� ሽီ�

ေᏝ։� �ᆠႈࠋ່ ေᏝ։� �ᆠႈࠋ່

3XW,Q2UGHU_ᖞ෻� ���� +XPDQ_Գ� ������ WRRO_ࠠش� ������

5HSDLU_ଥ෻� ���� +XPDQ_Գ� ������ WRRO_ࠠش� ������

6WXG\_ᖂ� ������ +XPDQ_Գ� �� 1,/� ������

ൕ।խױ൓ࠩϘଥϙ່ՕᆠႈऱေᏝ։ᑇ㻽 95.53Δኙᚨऱ່ࠋᆠႈਢϘRepair|ଥ෻ϙ 

ፖᇠᆠႈኙᚨऱϘटटϙڇᅝছᛩቼխऱေᏝ։ᑇ㻽  ᆠႈ㻽ϘHuman|Գϙࠋ່,100

������������ϘሽီϙڇᅝছᛩቼխऱေᏝ։ᑇ㻽 ��ϙࠠش_ᆠႈ㻽ϘWRROࠋ່�����

��� ኙϘ៱ϙ֗ࠡ፿ᆠᛩቼऱဲ፿ၞ۩ေᏝ֗ᙇဲΖ࿨࣠ڕՀΚ�

�

। 3.4Ϙଥϙٺᆠႈڇ፿ቼխऱေᏝ։ଖ່ኙᚨᆠႈ 
ᆠႈ� ፿ᆠᛩቼխऱဲ፿ေ։� ᆠႈေᏝ։ᑇ�

ሽီ�

ေᏝ։� �ᆠႈࠋ່

XVHG_៱� ���� WRRO_ࠠش� ����

SDVW_࣏� ������ WRRO_ࠠش� ������

RULJLQDO_଺� ������ WRRO_ࠠش� ������

ൕ।խױ൓ࠩϘ៱ϙ່ՕᆠႈऱေᏝ։ᑇ㻽 100Δኙᚨऱ່ࠋᆠႈਢϘused|៱ϙ 

ፖᇠᆠႈኙᚨऱϘሽီϙڇᅝছᛩቼխऱေᏝ։ᑇ㻽  ϙࠠش|ᆠႈ㻽Ϙtoolࠋ່,100
��� ᒔဲٺࡳ፿ऱဲᆠΚ�

�

। 3.5؁՗խဲٺ፿ऱኙᚨ᤟֮ 
ဲ፿� ኙᚨ᤟֮�

ଥ� PHQG��UHSDLU�RYHUKDXO�

टट� '$'��IDWKHU��SDSD�

ሽီ� WHOHYLVLRQ�VHW��79�VHW

៱� ROG��XVHG��ZRUQ�

3.5 ኙխၴ࿨࣠ၞ۩፿ᆠ๠෻ 

Ղԫᆏխݺଚኙဲᆠऱඈࣴऱዝጩऄ܂ԱᇡาऱտฯΖဲڇᆠඈࣴऱഗ៕ՂΔݺଚאױ

ၞԫၞޡ۩խၴ፿ߢऱ࿨ዌඈࣴΖ㻽Ա༼೏࿨ዌඈࣴऱإᒔ෷Δဲڇᆠඈࣴऱመ࿓խΔ

ᚨᇠ૞ٵழኙխၴ࿨࣠ၞ۩፿ᆠ๠෻Δᓳᖞ؁ऄ։࣫ᙑᎄऱ፿ᆠ௃ਮΔࢨᒔࡳխၴ࿨ዌ
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խਬࠄᓤᠧऱ፿ᆠଥ堸ᣂএΖءᆏല࿯נխၴ࿨࣠ऱ፿ᆠᓳᖞ֗፿ᆠᣂএᒔࡳऱ๠෻ዝ

ጩऄΖ 

3.5.1 ᓳᖞ։࣫࿨࣠ऱ፿ᆠ௃ਮ 

3.4 խտฯԱဲشܓ۶ڕ፿ࢬ๠ऱ፿ᆠᛩቼխፖᆠႈऱ๵ঞၞ۩ઌۿ৫ֺለၞ۩ဲᆠඈ
ࣴΖ፿ᆠᛩቼ࠹طᝤဲ֗ࠡ፿ᆠ௑ዌګΖᅝழݺଚ೗๻Ախၴ፿ߢ࿨ዌ࿯נऱਢإᒔऱ

፿ᆠ௑ᇷಛΔྥۖڇኔᎾऱ؁ऄ։࣫መ࿓խΔ࣍ط౒֟፿ᆠᇷಛΔխၴ࿨ዌऱ፿ᆠ௑ࠀ

ԫ᜔ࡳਢإᒔऱΖڕՀ૿ऱ؁ࠏΚ 

Ϙ๯՗㿆൓ᖞᖞᏘᏘϙ 

Ϙނݺ๯՗㿆൓ᖞᖞᏘᏘϙ 

㻽௅ᖕൄڂᙀᎏ፿Δ᧤ࡉ᧯ࠃ࠹፿Ϙ๯՗ϙ༉ਢϘ㿆ϙऱ׌ڤݮรԫଡ؁՗խΔڇ

ᢝΔϘ๯՗ϙਢլױ౨މ㿆չՇࠡהऱࣟ۫Δ،׽౨ਢ๯㿆Ζຍᣊ׌ڤݮ፿㻽ࠃ࠹᧯ऱ

؁՗אױ઎ګਢϘ๯ϙ؁ڗऱઊฃڤݮΔڕຍ؁ᇩאױᐊګϘ๯՗๯㿆൓ᖞᖞᏘᏘϙΖ

ۖรԲଡ؁՗խϘݺϙਢϘ㿆ϙऱ׌ڤݮ፿ΔՈਢਜ೯ृࡉ᧤ᙀ׌፿Δڂ㻽ԫ౳ൣउՀ

Գլᄎ๯㿆ۖױ౨ਢ㿆ܑऱࣟ۫Ζ؁ڇऄ։࣫ழլ౨ᛧ൓ຍࠄ፿ᆠऱᇷಛΔڼڂᣄإא

ᒔࡳެچਜृࠃፖࠃ࠹᧯Δรԫ؁ऱ։࣫࿨࣠ৰױ౨ᄎנ෼ڕՀऱᙑᎄΚ 

ENV: (㿆 (AGENT ๯՗)(RESUTL ᖞᖞᏘᏘ)) 

 ଚ౨ജኙ࿨࣠ऱ፿ᆠ௃ਮၞ۩ᔞᅝऱᓳᖞΖݺࠌᆠඈࣴழᛧ൓ऱ፿ᆠᇷಛဲڇ

Ϙ๯՗ϙऱᆠႈ㻽Κ 

๯՗ 1Κtool|ࠠش,*cover|ᔟ።,#sleep|ጕ 

ۖϘ㿆ϙऱᆠႈऱૻࠫ๵ঞ㻽 

㿆 1Κ((AGENT (HUMAN|Գ 0.426))(THEME (TOOL|0.138  ࠠش))) 

،๵ࡳԱ AgentԳऱ፿ᆠ௽ᐛਢ HUMAN|ԳΔش࣠ڕຍԫૻࠫ༴૪ፖϘ๯՗ϙऱᆠ
ႈၞ۩ֺለଖᄎ൓ࠩԫଡֺለ܅ऱઌۿ৫ଖΖຍ㴕࿇ݺଚאױආڕشՀऱ፿ᆠ௑ྒྷᇢᓳ

ᖞֱऄΚ 

๻ဲ፿Wordऱ፿ᆠᛩቼ㻽 

WЈ((CASE1 word1)(CASE2 word 2)�…(CASEi word i)�…(CASEn word n)) 

Wऱԫଡᆠႈ๵ঞ㻽 RΙ 

ழΔWٵᑑಖΔܫऱᤞ(CHANGECASE CASEi CASE�’i)ڶ፿ܶဲ࣠ڕ խڇژ Casei

௑׊լڇژ Case�’i௑Δঞݺଚ։࣫ Caseiऱဲ፿ Wordiڇ W ՀऱေᏝ։ଖΔ࣠ڕ՛࣍ਬ
ԫቃࡳᆠऱ່܅⿃ଖΔঞݺଚᇢထലWཙང㻽 
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W�’=((CASE1 word1)(CASE2 word 2)�…(CASE�’i word i)�…(CASEn word n)) 

ᄅऱ࣠ڕ৫ૠጩΔ൓ࠩԱԫଡᄅऱWordऱေᏝ։ଖΔۿലWፖᆠႈၞ۩ઌڻ٦ࠀ
ေᏝ։ଖՕ࣍ቃࡳᆠऱᓳᖞ⿃ଖΔݺଚ༉ᎁ㻽ڇ։࣫࿨ዌխऱဲ፿ Wordiऱ፿ᆠ௑ᚨᓳ

ᖞګ㻽 Case�’iΖ 

፿ऄ։࣫ၸ੄ऱ፿ऄဲࠢխ㻽ڇଈ٣אױ๠෻Ϙ๯՗㿆൓ᖞᖞᏘᏘϙԫ؁ழΔڕ

Ϙ㿆ϙຍᑌࠠ׌ڶ፿ךᅝࠃ࠹᧯ऱ೯ဲ೚Ղᑑ፾(CHANGECASE AGENT THEME)Δቃ
ᙇࡳᆠ່܅⿃ଖፖᓳᖞ⿃ଖ։ܑ㻽 20ፖ 85Ζ 

࿇෼଺፿ᆠᛩቼאױଚݺ፿ᆠඈࣴழڇ ENV խဲ፿Ϙ๯՗ϙڇϘ㿆ϙՀऱေᏝ։
ଖৰ܅Δݺଚشᄅऱ፿ᆠᛩቼ 

ENV�’Κ(㿆 (THEME ๯՗)(RESUTL ᖞᖞᏘᏘ)) 

ૹᄅፖϘ㿆 1ϙऱ๵ঞၞ۩ֺለૠጩΔᓳᖞ৵Ϙ๯՗ϙڇϘ㿆ϙՀऱေᏝ։ଖሒࠩ
Ա 100 ։Δ೏࣍ᓳᖞ⿃ଖΔݺଚ༉אױᎁ㻽ڼڇ࿨࣠௃ਮխऱAGENTᚨᓳᖞ㻽 THEMEΖ 

3.5.2 ᒔࡳ։࣫࿨࣠ऱ፿ᆠᣂএ 

ዧ፿խڇژਬࠄ௽௘ऱ؁ীΔڕϘVP+NPϙΕϘVP+ऱ+ਢ+NPϙࢨϘVP+ऱ+NPϙΔࢨ
ਢϘNP+VPϙΕϘNP+ऱ+VPϙ ࿛ೣإ࿨ዌΔࠡխऱ NP ڇ VP ऱ፿ᆠᛩቼխךࢬᅝऱ
፿ᆠᣂএ௑լਢࡳࡐऱΖݺଚނ NP ᅝ܂ VP ፿ᆠᛩቼऱ Parent ௑ဲ፿ΖNP ܂אױ VP
ऱٚ۶ԫଡլڇژऱ፿ᆠګ։ΖڕࠏΚ 

1Κᇘଥቹ஼塢ऱՠԳᖞᖞڦԱԫ֚Ζ(ϘՠԳϙ೚Ϙᇘଥϙऱ AGENT) 
    2Κ֚Հୌپػڶऱ֑塊Λ(Ϙ֑塊ϙ܂Ϙپϙऱ THEME) 
    3Κݺଚאছ۰ऱֱچ෼ڇਢׂᐖ໱ԱΖ(Ϙֱچϙ܂Ϙ۰ϙऱ LOCATION) 
    4ΚڔऱؚឫᄎהࠌტࠩቧᅀΖΰϘڔϙ܂Ϙؚឫϙऱ AGENTα 
�����Κტ᝔܃ኙᢌ๬ࠃᄐऱՕԺ֭਍Μ�Ϙࠃᄐϙ܂Ϙ֭གϙऱ 7+(0(��

ൕՂ૿ऱࠏ՗ݺଚאױ઎ࠩΔNPڇ VPխךאױᅝऱګ։ਢৰ᠆༄ऱ[�]Ζၞڇ۩ဲ

ᆠᙇᖗழΔݺଚ௅ᖕဲ፿ऱ፿ᆠᛩቼፖᆠႈૻࠫ๵ঞၞ۩ઌۿ৫ૠጩΔᏁ૞ᒔࡳຍଡ NP
ڇ VP፿ᆠᛩቼխऱ፿ᆠ௑Ζ 

ፖ 3.5.1ऱ৸ሁઌٵΔݺଚՈאױආྒྷشᇢֺለऄࠐᇞެ NPऱګ։ᒔࡳംᠲΖՀ૿
ࢨϘNP+VPϙ࣍խ࿨ዌၞ۩ಘᓵΔኙࡳϘVP+NPϙᣊऱࢨ૞ಾኙϘVP+DE+NPϙ׌
ϘNP+ऱ+VPϙীऱ࿨ዌΔՈٵױᑌၞ۩๠෻Ζ 

๻ VP+DE+NPࢨ VP+NP࿨ዌխ VPऱխ֨೯ဲWordऱ፿ᆠᛩቼ㻽 

WЈ((PARENT PWORD)(CASE1 word1)�…�…(CASEn word n)) 

ࠡխ PWORDਢ VP࿍፿ऱଥ堸ဲ፿Ζ 
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෼ڶWऱԫଡᆠႈ๵ঞ RΚ 

 RЈ((CASE�’1ʳ CASESC1)(CASE�’2 CASESC2) �…(CASE�’m CASESCm)) 

ലWխऱאױଚݺ PARENT௑ڻࠉཙང㻽ڇ RխڇۖڇژWխլڇژऱ௑Δᅝྥ
ཙངऱ௑ؘႊլሔ֘ W խऱਬࠄኙګ։૞ޣऱ፿ऄૻࠫΔڕࠏᅝ W ਢլ֗ढ೯ဲழΔ
Parent༉լ౨ཙངګ㻽 THEME௑ΖParentཙང৵൓ࠩऱᄅ፿ᆠᛩቼW�’ፖ Rၞ۩ઌۿ৫
ऱૠጩΖ๻ᅝ Parentངګ Caseiழ࠷൓່Օऱઌۿ৫ଖ VΔ׊ VՕ࣍ԫଡቃࡳᆠऱ⿃ଖΔ
ঞݺଚאױᒔࡳ Parentڇ VPխךᅝ Caseiऱ፿ᆠګ։Ζ 

� ,CASE�’1, Case�’2}࣠ڕ…,Case�’n}-{Case1,Case2,�…,Casem}= Δृࢨ V՛࣍⿃ଖΔঞ
।ࣔ๯ଥ堸ऱ NPڇ VPլ౨ךᅝٽᔞऱ፿ᆠګ։Δࢨ፿ᆠګ։լ౨ᒔࡳΖຍጟൣउڕ 

1Κהխᑻऱ௣ஒࠥمႚၲԱΖ(Ϙ௣ஒϙ㻽Ϙהխᑻϙऱٵਐ) 
2Κ໌ֱ܂ऄৰૹ૞Ζ (ϘֱऄϙኔᎾՂਢϘ໌܂ϙऱϘֱڤϙګ։Δ܂໌܀ऱ๵ঞ
խڶ޲ኙϘֱڤϙऱૻࠫ༴૪) 

ኙ࣍Ղ૪ຍࠟጟऱൣउΔאױലဲ፿ፖຏش௑๵ঞၞ۩֐಻Δ່ࠠڶՕ֐಻ઌۿ৫

ڇ㻽๯ଥ堸ဲ܂ױኙᚨऱ௑ࢬ VPխךࢬᅝऱ፿ᆠګ։Ζ 

 ᆠඈࣴၞ۩࿨ዌඈࣴဲشܓ 3.6

ԫଡྒྷᇢ؁ᆖመ፿ऄ։࣫৵ױڶ౨㶷ڍسଡխၴ࿨࣠Δຍ༉Ꮑ૞ኙխၴ࿨࣠ၞ۩ေᏝΔ

ൕխᚌᙇנԫଡ່ᚌ࿨࣠Ζၞܛ۩࿨ዌඈࣴΖ 

ዧ፿ऱ࿨ዌࣴᆠᙑጵᓤᠧΔ๺ڍऱዧ፿֮ߢᖂઔߒᖂृຟኙࠡၞ۩෡ԵऱઔߒΔࠀ

᜔࿨Ա๺ڍऱࣴᆠ࿍፿ิٽ௑ڤΖ 

ऱխၴ࿨࣠ᚨਢࠋᆠඈࣴऱഗ៕հՂΖ່ဲڇمኙ࿨ዌࣴᆠऱ௣ೈዝጩऄਢ৬֮ء

່ฤٽ፿ᆠፖൄᢝऱΔۖ խၴ࿨࣠Ϙᚌᙇϙऱ଺ঞՈᚨਢᙇᖗ່የߩ፿ᆠऱ࿨ዌΖڇϘપ

ழᝫ൓ࠩԱဲ፿ٵଚኙဲ፿ၞ۩ᆠႈᙇᖗऱݺছ૿տฯऱဲᆠඈࣴխΔີءϙඈࣴ֗ޔ

ऱေᏝ։ଖΔ،ଚ֘ਠԱဲ፿ڇᅝছ፿ቼխฤٽ፿ᆠऱ࿓৫Ζছ֮խࡳᆠԱဲ፿ऱૻࡳ

ᣂএΔ߷ࠄದૻش܂ࡳऱဲ፿ڇᅝছ࿨ዌխದထᣂ᝶ऱჸ಻ش܂Δ،ଚኙ࿨ዌऱ፿ᆠࠠ

ૻٺലඈࣴ൓ࠩऱאױኙԫଡխၴ࿨࣠ၞ۩ဲᆠඈࣴ৵Δڇଚݺڼڂऴ൷ऱᐙ᥼Δ່ڶ

ڶ㻽ᅝছ։࣫࿨࣠ऱေᏝଖΖေᏝଖऱՕ՛ਢᚌᙇऱ௅ᖕΔࠠ܂ࡉऱေᏝ։ଖऱ᜔ဲࡳ

່೏ေᏝଖऱխၴ։࣫࿨ዌ༉܂㻽່ึऱ࿨ዌඈࣴ࿨࣠Ζ 

 ጟࣴᆠΚࠟڇژ౨ױΚϘvp+np+ऱ+npϙ࿨ዌڕࠏ

1Κ    (vp (np ऱ np)) ڕϘଥ෻टटऱ۞۩߫ϙ 
�Κ������YS�QS��ऱ�QS�ڕ�Ϙଥ෻۞۩߫ऱटटϙ�

ຍࠟ؁ᇩױ౨ڇژ 4ጟࣴᆠ࿨ዌΔኙ،ଚ։ܑၞ۩ဲᆠඈࣴΔ൓ࠩऱေᏝൣउڕՀΚ 
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।  ։࣫࿨ዌऱေᏝ։ᑇٺ 3.6
։࣫࿨ዌ� �፿ေᏝ։ᑇဲٺ ։࣫࿨ዌေᏝ։ᑇ�

ଥ෻� टट� ۞۩߫

ΰΰଥ෻�टट�αऱ�۞۩߫α� �� �� ����� ����

ΰଥ෻�ΰटट�ऱ�۞۩߫αα� ������ �� ������ ������

ΰΰଥ෻�۞۩߫α�ऱ�टट�� ������ ���� ������ ������

ΰଥ෻��۞۩߫�ऱ�टट���� �� �� �� �Η��

ൕ।խאױᒔࡳΰଥ෻ ΰटट ऱ ۞۩߫ααፖΰΰଥ෻ ۞۩߫αऱ टटα։
ܑਢ؁ 1ፖ؁ 2ऱ່ࠋ։࣫࿨࣠Ζ 

3.7 ኔ᧭࿨࣠֗ಘᓵ 

3.7.1 ኔ᧭࿨࣠ 

πᦰृشࠌଚݺխ࠷ᛧٽ෼ႃٵᆠ଺ऱڇ ٵشࠌ㻽อૠ፿ற஄ΔྒྷᇢழՈ܂ႃρ֮ڣ20
ᣊऱ፿றΖྒྷᇢؾऱਢᛀ᧭נ༽֮ءऱඈࣴዝጩऄऱਢڶܡயΔٵழຏመխၴ፿ߢऱ࿨

ዌᚌ֗࠷ᓳᖞऱإᒔ෷ەࠐ਷ဲᆠေᏝᑓীਢٽܡ෻Ζݺଚൕ፿ற஄խᙇ࠷Ա 2Δ000
ଡྒྷᇢ؁ၞ۩ඈࣴኔ᧭ΖՀ।ਢྒྷᇢऱਐᑑ֗ྒྷᇢ࿨࣠Κ 

। 3.7 ྒྷᇢ࿨࣠ 
ྒྷᇢਐᑑ� ਐᑑ༴૪� ྒྷᇢଖ�

ဲᆠඈࣴऱإᒔ෷� ဲᆠܒឰإᒔऱဲ፿ᑇ�ྒྷᇢ፿றխࣴᆠဲऱ᜔

ᑇ�

�����

࿨ዌඈࣴऱإᒔ෷� ࿨ዌᙇᖗإᒔऱ؁ᑇ�ྒྷᇢ፿றխڍڶଡଢᙇ։

࣫࿨ዌऱ؁ᑇ�

�����

࿨ዌᓳᖞऱڃ״෷� ၞ۩࿨ዌᓳᖞऱ࿨࣠ᑇ�ྒྷᇢ፿றխᏁၞ۩ᓳᖞ

ऱ։࣫࿨࣠ᑇ�

�����

࿨ዌᓳᖞऱإᒔ෷� ᆖ۞೯ᓳᖞ৵إᒔऱ࿨࣠ᑇ�ၞ۩۞೯࿨ዌᓳᖞ

ऱ࿨࣠ᑇ�

�����

ྒྷᇢ࿨࣠।ࣔΔشܓ፿ற஄ऱٵ෼ᆠ଺ࠐዌທᆠ଺ऱ፿ᆠૻࠫ๵ঞΔၞڼאࠀ۩ဲ

ᆠඈࣴऱ৸უਢٽ෻ऱΖဲڇ׊ࠀᆠඈࣴऱመ࿓խٵழՈ౨ኔ෼೏إᒔ෷ऱ࿨ዌඈࣴΕ

࿨ዌᓳᖞΖ 

3.7.2 ዝጩऄڇژऱംᠲ 

(Ѿ)Κዝጩऄנބऱᆠ଺๵ঞਢࠠڶཏሙჸ಻ᣂএऱဲᆠඈࣴ๵ঞΔݺଚຏመᆠ଺ऱૻ
Աګ፿ᆠૻࠫՕΙຍ༉ທڶ౨ᆠ଺๵ঞૻࠫऱศ৫ֺᆠႈᚨױڶዌທᆠႈऱ๵ঞΔࠐࠫ

㶷سऱᆠႈ๵ঞ፿ᆠศ৫መՕΖွڕࠏϘބϙԫဲΔ،܂ڇϘބԱࠟցᙒϙழऱᆠႈऱ
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|Ϙreturn܀ᣂऱΔڶᙒತࡉᎅਢࠐԫ౳᧯ࠃ࠹ᆠਢϘreturn|ᝫϙΔຍԫᆠႈխऱჸ಻ࡳ
ᝫϙऱᆠ଺๵ঞխऱࠃ࠹᧯ऱ፿ᆠ௽ᐛլԫࡳਢࡉᙒڶᣂΔຍ༉ױڶ౨ᖄીڕϘބ஼ϙ

խऱϘބϙՈᄎᎄᙇ㻽ϘReturn�”Ζ 

(ѿ)Κπवጻρխဲ፿ܶڶऱԫشߢ֮ࠄऄኙեឫԱဲᆠऱإᒔᙇᖗΖڕϘװϙԫ
ဲΔڇπवጻρխڶϘleave|ᠦၲϙऱᆠႈᇞᤩΔຍጟشऄڇ෼֮זխৰ֟נ෼Δۖ،ऱ
 ϙऱᙇᖗΖװ|ᆠႈϘgoߠϙऱൄװኙᄎᐙ᥼Ϙڇژ

3.8  ՛࿨ 

 Հ௽រΚڕڶዝጩऄࠠء

ਢԫ׽ᆠΔլွႚอऱ։ᣊဲࠢխᆠႈࡳଡᆠ଺ڍطπवጻρխဲ፿ऱᆠႈڇ (1)
ଡᣊזᒘΔຍᑌኙဲ፿ᆠႈऱრᆠ༴૪٤૿ףޓΔ᠆༄Ζ 

ױ৫ऱֺለၞ۩ဲᆠඈࣴΔۿ፿ᆠᛩቼၞ۩ઌڇࢬᆠ଺ऱ๵ঞፖᅝছဲ፿شܓ (2)
 ᒔ෷Ζإ࿨ዌऱဲᆠඈࣴڤ೏ᓤᠧ؁༽א

(3) ലඈࣴवᢝ৬ڇمᆠ଺ऱഗ៕ՂΔᆠ଺ऱᑇؾਢૻڶऱΔຍᑌᝩ܍Ա֫ՠᒳࠫ
Օ๵ᑓဲᆠඈࣴवᢝऱ᜗ૹ໎೯Ζٵழᆠ଺ऱඈࣴवᢝਢ೶ەᆠ଺ऱٵ෼ႃ

ၦ܂ऱՠ࠷ऱΖຍᑌवᢝऱᛧ࠷ਢຏመኙ፿ற஄ྤਐᖄᖂ฾ᛧٽΔۖຍԫႃٽ

ၞԫޡऱ྇֟ԱΖ 

ऱ፿ᆠ௃ਮ೚ߢኙխၴ፿אױᆠඈࣴመ࿓խဲڇ፿ᆠႈऱေᏝዝጩऄΔဲشܓ (4)
ᔞᅝᓳᖞΖ 

 ଡ։࣫࿨࣠ऱ࿨ዌඈࣴΖڍழᇞެٵᆠඈࣴऱဲ۩ၞڇ (5)

4. ᜔࿨ 

ዧ૎ᖲᕴ៬᤟խ૞ᇞެ։࣫㶷سऱ᢯ნࣴᆠΕ፿ᆠࣴᆠΔ൓ࠩԫଡֺለړऱ؁ऄ։࣫࿨

࣠Δؘႊ૞֧ၞ፿ᆠवᢝΔၞ۩፿ᆠ։࣫Ζ֮ءዌທԱԫଡ࣍شᖲᕴ៬᤟֮ء։࣫ऱ፿

ᆠඈࣴᑓীΔ،౨ജ࿨ٽ፿ᆠवᢝၞ۩ڶயऱဲᆠ௣ࣴΔၞԫၞޡ۩࿨ዌ௣ࣴΖ 

 Հ௽រΚאڶอߓऱ፿ᆠඈࣴנ༽֮ء

1Κ؁ڇऄ։࣫መ࿓խၞ۩ऱપޔඈࣴՕՕ྇֟Ախၴ፿ߢऱګسᑇؾΔ྇᎘Աಾ
ኙխၴ࿨࣠ၞ۩ऱϘᚌᙇϙՠ܂Ζ 

2ΚڇϘᚌᙇϙऱֱऄխݺଚشܓԱൕ፿ற஄խዌທᆠႈ፿ᆠૻࠫ๵ঞऱֱऄΔ྇
᎘ԱԳՠࠫࡳ፿ᆠवᢝऱՠ܂ၦΖٵழ፿ᆠ๵ঞՈᝩנ܍෼໢ొشܓอૠၞ۩፿ᆠඈࣴ

ழኙᓤᠧڤ؁ऱ๠෻ய࣠լ෻უऱ෼ွΖ 

3Κඈࣴመ࿓խ࿯נऱᆠႈေᏝଖࠌאױ൓ߓอګݙڇඈࣴऱٵழၞאױ۩ܑऱፖ
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፿ᆠڶᣂऱ๠෻Δڕ፿ऄ௑ऱᓳᖞ࿛Ζ 

؁ऱྒྷᇢ।ࣔࠏ᧭ኔ෼Ζኔچ᧯อխࠠߓᖲᕴ៬᤟ڇऱ፿ᆠඈࣴᑓীբנ༽ࢬ֮ء

ຍԫඈࣴኙ๠෻᢯ნࣴᆠΕ࿨ዌࣴᆠਢڶயऱΖ 

լڶอΔᝫߓ᧭ਢԫଡኔ׽઎ᝫࠐ౨Ղפऱඈࣴᑓীൕ֮ءऱழၴᣂএΔߒઔ࣍ط

 ΚڕࠏΖֱچऱၞޏאױ֟

1Κ׌֮ء૞ਢࣴဲڇ௣ࣴऱഗ៕Ղၞ۩࿨ዌ௣ࣴΔە׽ڼڂᐞԱൄشऱ༓ጟࣴᆠ
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ഗء֮࣍ᄗࡉ࢚ kNNऱሀ፿ጟ֮ءመៀ 

  Cross-Language Text Filtering Based on Text 

Concepts and kNN 

 ᤕ೛୽*, ޕฯྗ*, ޕഘટ*, ֮֠৬* 

 Weifeng Su, Shaozi Li, Tanqiu Li, Wenjian You 

ኴ    ૞ 

ऱ֮ᚾڇࢬऱᘋᔊ֪شנ૎֮Օၦऱᇷಛխመៀࢨൕխ֮אױտฯԫଡ֮ء

ऱᑓীΔشԫᜀױ։ᆠ଺ٻၦ़ၴऱٻၦࠐ।ࢬ֪شقტᘋᔊऱ֮ءΔྥ৵ނ

Ꮑ૞๠෻ऱ֮ءՈ।ګقԫଡױ։ᆠ଺़ၴխऱԫଡٻၦΔٻڇၦ़ၴխፖ k
ଡ່ઌ२ऱٻၦၞ۩ૠጩΔൕۖެࡳਢܡലᇠ֮ܧء෼࿯֪شΖኔ᧭ᢞࣔΔຍ

ਢԫଡֺለړऱመៀֱऄΖ 

ᣂ᝶ڗΚױ։ᆠ଺Εٻၦ़ၴΕkNNΕ֮ء।قΕवጻ 

Abstract 

The WWW is increasingly being used source of information. The volume of 
information is accessed by users using direct manipulation tools. It is obviously 
that we’d like to have a tool to keep those texts we want and remove those texts we 
don’t want from so much information flow to us. This paper describes a module 
that sifts through large number of texts retrieved by the user.  

The module is based on HowNet, a knowledge dictionary developed by Mr. 
Zhendong Dong. In this dictionary, the concept of a word is divided into sememes. 
In the philosophy of HowNet, all concepts in the world can be expressed by a 
combination  more than 1500 sememes. Sememe is a very useful concept in settle 
the problem of synonym which is the most difficult problem in text filtering. We 
classified the set of sememes into two sets of sememes: classfiable sememes and 
unclassficable semems. Classfiable sememes includes those sememes that are more 
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useful in distinguishing a document’s class from other documents. Unclassfiable 
sememes include those sememes that have similar appearance in all documents. 
Classfiable includes about 800 sememes. We used these 800 classficable sememes 
to build Classficable Sememes Vector Space(CSVS).  

A text is represented as a vector in the CSVS after the following step: 

1. text preprosessing: Judge the language of the text and do some process attribute 
to its language.  

2. Part-of-Speech tagging 

3. keywords extraction 

4. keyword sense disambiguation based on its environment by calculating its 
classifiable sememes relevance with it’s environment’s classifiable sememes. 
We add the weight of a semantic item if there are classifiable sememes the same 
as classifiable sememe in the its environment word’s semantic  item. This is 
not a strict disambiguation algorithm. We just adjust the weights of those 
semantic items. 

5. Those keywords are reduced to sememes and the weight of all keywords ‘s all 
semantic items ‘s classifiable sememes are calculated to be the weight of its 
vector feature. 

A user provides some texts to express the text he interested in. They are all 
expressed as vectors in the CSVS. Then those vectors represent the user’s 
preference. The relevance of two texts can be measured by using the cosine angle 
between the two text’s vectors. When a new text comes, it is expressed as a vector 
in CSVS too. We find its k nearest neighbours in the texts provided by the user in 
the CSVS . Calculating the relevance of the new text to its k nearest neighbours 
and if it is bigger than a certain valve, than it means it is of the user’s interest if 
smaller, it means that it is not belong to the user’s interesting. The k is determined 
by calculated every training vector its neighbours.  

Information filtering based on classifiable sememes has several advantage: 

1. Low dimentional input space. We use 800 sememes instead of 10000 words. 

2. Few irrelevant feature after the keyword extraction and unclassifiable 
sememes’s removal.  

3. Document vector’s feature’s weight are big. 
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We made use of documents from eight different users in our experiments. All these 
users provides texts both in Chinese and English. We took into account the user’s 
feedback and got a result of about 88 percent of recall and precision. It 
demonstrates that this is a success method. 

Keywords: Classfiable Sememe, Vector Space, kNN, Text Representation, 
HowNet 

 

 ߢ֧.1

ᙟထڂ௽ጻڇהࠡࡉᒵᇷಛᇷᄭऱ߰ෳ࿇୶ΔՕၦऱᇷಛཛԳଚྂࠐΔᖕอૠભഏޢଡ

ՂఄԳ୉ؓ݁ࠩگ֚ޢ 80৞ሽ՗ၡٙΔᅝྥ㠪૿ܶץՕၦऱྤشऱ݃ࡑၡٙΔ᧩ྥ࣠ڕ
ኙຍࠄၡٙດԫ਷઎૞क़၄ৰڍழၴΔۖױڶ׊౨ᖿ࿇ਬࠄఐ੅ၡٙൕۖధᡏሽᆰߓ

อΔٵᑌऱൣནנ෼ڇ๺ڍᙄֆᛩቼխΔ๺ڍԳݦඨ౨ڇ๺ڍऱᖵܑृࢨ׾Գಬሒऱሽ

՗֮ءᅝխطሽᆰ۞೯ਗנ۞ա່ტᘋᔊऱփ୲Ζ 

መៀਢਐൕՕၦऱᄭءऱԫጟৰૹ૞ऱֱऄΖ֮ءऱ֮شڶנመៀਢ۞೯։ਗء֮

ᇷಛխመៀ່ࠄ߷נฤ֪شٽᏁޣऱᇷಛႚಬ࿯֪شΔۖሀ፿ጟ֮ءመៀਢਐᄭᇷಛխ

شנΔൕխመៀߢጟ፿ڍڶխ༉ܶءਬଡ֮ृࢨ૎፿Εዧ፿࿛αΔڕΰֺߢጟ፿ڍܶץ

௽ጻՂΔሀ፿ጟڂഏ੺ऱڶ޲ڇऱΖߢጟ፿ڍ౨Ոਢױءऱ֮נΔመៀءᏁ૞ऱ֮ࢬ֪

መៀࢬנ૞ऱᇷಛ༉᧩൓ޓ㻽ૹ૞ΖނڇՕၦऱᇷಛಬ࿯֪شհছመៀൾ߷֪شࠄլტ

ᘋᔊऱࣟ۫Δຍֺڶڇයٙ৵Δ៬᤟ګਬጟ፿ߢመ৵٦ၞ۩መៀޓ౨ઊൾ֪شՕၦऱ壄

ԺࡉழၴΔሀ፿ጟመៀߓอኙࠄ߷࣍ኙᏁ૞ຍԫ፿ጟऱᇷಛۖԾኙᇠ፿ߢ༳༽൓լړऱ

 ௽ܑૹ૞Ζ֪ش

፿ጟհၴऱઌյ᠏ٵኔ෼լࠐऄֱڍԱ๺נመៀֱ૿ΔԳଚբᆖ኷౉ءሀ፿ጟ֮ڇ

ངڤݮΖ່ॣԳଚਢ༼נԫጟഗ࣍൳ࠫ᢯ნऱֱऄ[TRANSLIB 1995]Δء֮ނܛ।ګق
ԫࡳࡐࠄऱဲΔ֪شऱᏁޣՈ।ګقຍࡳࡐࠄ᢯ნΔྥ৵ၞ۩֐಻Ζຍଡֱऄ່Օऱ౒

ະਢ᢯ნؘႊױڇጥ෻ऱᒤ໮հփΔۖԫ؟᢯ნ၌ױנጥ෻ऱᒤ໮Δঞࠡڃ״෷ࡉ壄ᒔ

෷ঞ߰ຒՀ૾Δۖء֮ނ۶ڕ׊।ق㻽᢯ნؾছՈڶ޲ԫଡৰړऱֱऄΖ 

൷ထԾڶԳ༼נഗࠢڗ࣍ऱֱऄ[L. Ballesteros 1996]Δ༉ਢᒳᙀԫڍء፿ނࠢڗਬ
ጟ፿ߢऱ֮ء।෼ڤݮຏመ៬᤟।׼ګقԫጟ፿ߢऱ।෼ڤݮΔൕۖࠄ߷ࠌ໢ጟ፿ߢՂ

ऱ֮ءመៀݾ๬אױᚨڍ࣍ش፿ߢऱ֮ءመៀΔຍଡֱऄ෻ᓵՂਢױڶ౨ऱΔ܀ਢࠟڶ

ଡֱ૿ऱ଺ڂথૻࠫԱ،ऱᚨشΖଈ٣ਢԫဲڍᆠऱ෼ွΔڇ៬᤟խԫଡဲױ౨៬᤟ګ

༓ଡრ৸Δૉ༓ଡრ৸٤ຟආشঞՕՕ૾܅Ա壄ᒔ෷Δૉආشਬԫଡრ৸Δঞױڶ౨૾

ٵլ࣍طऱ෼ွΔဲڍΖรԲਢԫᆠ܅෷ᄕڃ״༉ᙇᖗᙑᎄۖᖄીء௅ृࢨ෷Δڃ״܅

ऱױृ܂౨شլٵऱဲࠐ।ሒٵԫଡრ৸ۖᖄીڃ״෷Հ૾Ζ 

ၞ࢚ऱᄗܶץࢬဲނΔۖਢ࢚։࣫ᄗࠐଚլൕဲຍԫ్ݺԫጟᄅऱ৸ሁΔנ༽֮ء

۩։ᇞΔ٦ኙ։ᇞመ৵ऱᄗၞ࢚۩։࣫Δൕۖ൓֮ࠩءऱ׌ᠲࢤࡉᔆΖࠡኔᣊۿऱ৸უ
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ऱګଚᆖൄൕࠡዌݺᔆழΔࢤଚ։࣫ਬጟढᔆऱݺڕΔֺࠩشᖂઝᅝխᆖൄྥ۞ࠄԫڇ

։՗ࢨ଺՗ֽؓऱࢤᔆၞ۩։࣫ྥ৵٦൓ࠩढᔆऱࢤᔆΖ 

2. መៀᑓীऱߓอ࿨ዌ 

ၦ़ٻၦΔٻၦ़ၴխऱԫଡٻ㻽ګق।ء֮ܛၦ़ၴᑓীΔٻ૞ਢ׌๬ݾऱشଚආݺ

ၴऱᚌរਢല֮ءփ୲᠏ང࣐ګ㻽ᑇᖂ๠෻ऱٻၦֱڤΔࠌ൓ٺጟઌۿሎጩࡉඈګݧ㻽

ய࣠Ζړߜ൓Ա࠷Δشኴ૞࿛ֱ૿ᛧ൓ᐖऑᚨء֮ࡉመៀءᛀ౉Ε֮ء֮ڇΔ ڼڂ౨Ζױ
መៀΖࠡ۩ၞء૎֮ऱ֮ࡉኙխ֮࣍شאױመៀᑓীءၦ़ၴऱ֮ٻ࣍ऱഗנ༽ࢬ֮ء

ഗء৸უਢଈࠎ༽ࢬ֪ششܓ٣ऱޗறࠐᛧ֪ش࠷ऱᑓࣨΔྥ৵֪ششܓᑓࣨܒࠐឰਬ

ԫ֮ٙਢܡፖ֪شᑓࣨઌ२Ζ 

ڶอ൅ߓઔ፹ऱπवጻρ[ᇀ஡ࣟ ࿛]ΔᇠࢬسԱᇀ஡ࣟ٣شଚආݺ 53000ଡխׂ֮
፿ࡉ 57000 ૎፿໢ဲΖπवጻρਢԫଡאዧ፿ࡉ૎፿ऱဲ፿זࢬ।ऱᄗ࢚㻽༴૪ढٙΔ
փ୲ऱൄᢝवᢝ஄Δπवءհၴऱᣂএ㻽ഗࢤऱ᥆ڶࠠࢬ࢚ᄗ֗אհၴ࢚ፖᄗ࢚ᄗق༿א

ጻρආشᆠ଺ࠐ।قᄗ࢚Δᆠ଺ਢ່ഗءऱΕլ٦࣐࣍։໊ऱრᆠऱ່՛໢ۯΔݺଚ๻

უڶࢬऱᄗ࢚ຟאױ։ᇞٺګጟٺᑌऱᆠ଺Ζᇀ஡ࣟנ࠷༽س٣Ա شࠀଡᆠ଺Δڍ1500
،ଚऱิࠐٽ।׈قՂڶࢬऱᄗ࢚Δֺڕ،ਢຍᑌࣹᤩ“ށ᜽㻽આ”ऱΚ 

               DEF=alter|ޏ᧢,StateIni=InDebt|᜽ჾ,StateFin=earn|᝚Ζ 

 णኪਢ“᜽ჾ”Δ່ึणኪਢ“᝚”ΖࡨΔࠡದ”᧢ޏ“᜽㻽આ”ਢԫጟށ“ਢਐܛ

ሽᆰ”Ε“ሽᆰ”Ε“ڕऱംᠲΔֺဲڍᇞެԫᆠچᄕՕૻ৫אױ㻽ᆠ଺ګ։ᇞ࢚ᄗނ
“computer”ຍԿଡဲΔڇπवጻρ㠪݁ࡳᆠ㻽“computer|ሽᆰ”Δຍᑌݺଚ༉ނאױ،ଚီ
㻽ᄗ࢚࿛ٵऱԿଡဲ፿Ζࠡኔൕຍଡᐋ૿Ղࠐ෻ᇞΔݺଚނאױਬଡဲऱխ૎֮რ৸ٵ

ᑌ઎܂ਢԫଡԫᆠဲڍऱԫጟڤݮΔຍᑌ׽૞ᇞެړԱඈݡऱംᠲΔݺଚࠀլᏁ૞௽௘

๠෻༉אױᇞެሀ፿ጟऱംᠲΔۖڂൕᆠ଺ຍԫଡᐋ૿Ղࠐᎅݺଚऱֱऄאױᎅਢԫጟ

ፖ፿ྤߢᣂऱֱऄΖ 

։ױ։ᆠ଺ፖլױᆠ଺։㻽ނ։ᆠ଺Ζױլࡉ։ᆠ଺ױᆠ଺ᤉᥛ։㻽ࠟᣊΚނଚݺ

ᆠ଺ਢൕאՀֱࠟ૿ەᐞऱΚ 

•  ਬԫᆠ଺ૉਢڇਬԫᣊ׌ᠲऱ֮ᚾᅝխנ෼᙮৫။೏Δঞᎁ㻽ᇠᆠ଺ፖຍԫᣊ׌
ᠲ။ڶᣂএΖ 

•  ਬԫᆠ଺ૉਢڇ፿ற஄խڶࢬऱ֮ᚾᅝխנ෼ऱ᙮৫။೏Δঞᎁ㻽ᇠᆠ଺ڇ೴։
 ။஁Ζش܂ᠲऱ׌

ᔆऱᆠ଺Δࢤऱڶ௽ࠄԫ࢚ᇠᄗנਐࠐشऄ޲Δߠለൄֺࠄ߷։ᆠ଺ਢਐױլڼڂ

ଚլඈݺઌ೴։ऱᆠ଺Ζૉ࢚ፖܑऱᄗױऱૹ૞ऱ࢚ᇠᄗق౨।ࠄ߷։ᆠ଺ঞਢਐױۖ

ೈൾլױ։ᆠ଺Δঞ࣍طլױ։ᆠ଺ऱለ೏ऱנ෼᙮෷Δ༉ױڶ౨ᎄᖄݺଚΖױ։ᆠ଺

 Ζۯچထૹ૞ऱ׭อխߓءڇ

 ՀΚڕऄֱࡳܒ։ᆠ଺ऱษฃױլࡉ։ᆠ଺ױ
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ൕ፿ற஄խᙟᖲ࠷ࢼ 500ᒧٺᣊऱ֮ີΔڇኙຍၞີ֮ࠄ۩։ဲհ৵Δဲނ։ᇞګ
ઌᚨऱᆠ଺Δࠀኙຍࠄᆠ଺ၞ۩อૠΔૉਬଡဲݡڶᆠΔঞނᇠဲऱڶࢬრᆠၞ۩ូԫ

ױਬଡଖऱ٨㻽լ࣍ᆠ଺ऱอૠଖ೏࣍Δኙڤԫ೏ຏᗴᛀ࿓ࡳԵอૠΔ๻ףലࠡᆠ଺ࠓ

։ᆠ଺Δࠡ塒ऱᆠ଺ࡳ㻽ױ։ᆠ଺Ζ 

ঞᄎֱچऱٵլڶΔૉਢشழᔞٵ૎֮֮ᚾࡉխ֮֮ᚾ࣍๬ኙݾऱࠩشࢬՀ૿֮ء

։ܑਐנΖ 

3. መៀᑓীऱ๻ૠࡉኔ෼ 

 ऄֱق।ء֮ 3.1
㻽قၦ़ၴ।ٻၦΖٻၦ़ၴխऱԫଡٻ㻽ق।ءၦ़ၴᑓীΔ֮ٻ๬ਢݾऱشଚආݺ

D Δۖޢԫଡ։ၦ di ਢवጻխऱԫଡױ։ᆠ଺Δ߷֮ء༉।ٻګقၦV Δࠡ։ၦ vi 㻽
ኙᚨ࣍ di ऱଖΔૉ֮ءխܶץڶ޲ di Δঞ vi =0Ζ 

૞।ሒࢬ।֮ٙז౨່ࠄ߷ڶ׽ၦΔٻءዌທ֮࣍شऱဲຟڶࢬॺ֮ٙᅝխࠀۖྥ

ऱრ৸ऱဲՈ༉ਢᣂ᝶ڗნױ๯ࠐشዌທٻၦΖݺଚאױආشอૠऱֱऄࡳެࠐୌࠄ᢯

ნਢᣂ᝶ڗნΔᝫڶΔ࣍ط᢯ნऱݡᆠΔݺଚՈ૞܂ԫࡳ࿓৫ՂऱඈݡΖ֮ء।ֱقऄ

 ՀΚڕ౏ូױ

۩ၞ׽Δঞء૎֮֮࣍ᑑࣹΔۖኙࢤਔဲऱ֊։Εဲץءխ֮֮࣍ቃ๠෻Ζኙء֮

 ᑑࣹΖࢤဲ

ᣂ᝶࠷༽ڗΖڇ૎፿֮ءխװೈڶࢬ᥆࣍Հ٨ऱ໢ဲΚগဲΰڕ a, the, anαΕտဲ
ൕ؁ऱ೫ࡉ؁׌ຑ൷ࢨ ΰဲڕ in ,to ,ofαΕൣኪ೯ ΰဲڕ would, mustαࡉຑ൷ ΰဲڕ andα
࿛Δڇխ֮֮ءխװೈڶࢬऱဠဲΔຍᑌء֮ڇխ༉ໍՀ׌૞ऱဲቝဲټΕ೯ဲΕݮ୲

ٵଚլ،ق।ࠐऱᦞଖٵऱဲᓿղլࢤጟဲٺ࿯אױଚՈݺΖݧڗᣂ᝶ګݮ೫ဲΔࡉဲ

ऱૹ૞ࢤΔԫ౳ۖߢΔဲټ૞ᓿ່אՕऱᦞଖΖኙڇࠄ߷࣍ᑑᠲΕଈ੄Εأ੄Ε੄ଈΕ

੄נݠ෼ऱဲ፿ՈאױᏺࠡףᦞૹΖݺଚՈאױ๻ԫଡᎺଖΔנࠄ߷ނ෼᙮෷࣍܅ᇠ᙮

෷ऱဲװೈΖ 

ᣂ᝶ڗᄗ࢚ඈݡΖመڍऱݡᆠᄎჾ୭ݺଚٻၦ।قᇠ֮ءऱய࣠Δ֠ࠡᅝਬଡဲڇ

ᇠ֮ءᅝխֺڶ۾ለૹ૞ऱۯچழΖඈݡऱഗء৸უਢ௅ᖕՂՀ֮ဲऱᆠ଺ኙᇠဲ㻽ਬ

ԫრ৸ၞ۩ᄗ෷อૠΖࠡ׌૞৸უਢΚڇԫᒧ֮ີᅝխΔਬଡဲᄎኙՂՀ֮ऱဲش㶷س

ᐙ᥼ΔຏመՂՀ֮ࡳܒאױਬଡဲऱრ৸ൕۖၞ۩ඈݡΔءڇᑓীՀΔထૹەᐞࠡՂՀ

֮ᅝխࠡהऱᣂ᝶ڗऱᆠ଺ፖᇠဲऱᆠ଺אྤڶՀൣउΚ 
a.ڶઌױٵ։ᆠ଺Δ 
b.ޗற-ګ঴ᣂএΔ 
c.ਜࠃ/ᆖ᧭ृ/ᣂএٙࠃ-᧯׌ᣂএΔ 
d.ࠃ࠹/փ୲/Ꮖ᥆ढ࿛-ٙࠃᣂএΔ 
e.ՠࠠ-ٙࠃᣂএΔ 
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f.໱ٙࠃ-ࢬᣂএΔ 
g.ழၴ-ٙࠃᣂএΔ 
h.ۥߡ-ٙࠃᣂএΔ 
i. ઌᣂᣂএΖ 

։ױ։ᆠ଺ፖᇠဲऱਬଡრ৸ऱਬԫױଡڶᅝխڗՂՀ֮ऱਬଡᣂ᝶ࠡ࣠ڕ

ᆠ଺ڶՂ૪ᣂএΔঞᏺףᇠრ৸ऱᦞૹΖ 
WխΔኙਬଡဲڇ wΔࠡאڇ㻽խ֨ऱ࿗Ցᐈ৫㻽 nऱۭڗ।ق㻽Κ 

             w1w2…wn/2wwn/2+1…wn-1 

ኙ࣍ wڇवጻխऱޢԫଡრ৸Δᓿղԫଡॣᦞ kΔᓳᆏဲ wޢԫଡრ৸ऱᦞଖ
ऱֱऄऱ䃹זᒘዝጩऄ  قࢬ1
ዝጩऄ 1 Κဲऱᆠ଺ऱᦞଖऱᓳᆏ 

WI—࿗Ցխೈװ wऱร Iଡဲ 
SI J—࿗Ցխೈװ wऱร Iဲऱร Jଡრ৸ 

CSI JK--࿗Ցխೈװ wऱร Iဲऱร Jଡრ৸ऱร Kଡױ։ᆠ଺ 

WSJ—ဲ wऱร Jଡრ৸ 
WCSJK--ဲ wऱร Jଡრ৸ऱร Kଡױ։ᆠ଺ 
Weight(WCSJ)—ဲ wऱร Jଡრ৸ऱᦞଖ 
FOR I=1 TO n-1   //ኙ࣍࿗ՑխೈԱ w؆ऱޢԫଡဲ 

   FOR J=1 TO  (WIऱრ৸ᑇؾ) 
FOR K=1 TO  ( SI Jऱױ։ᆠ଺ᑇؾ) 
  FOR M=1 TO  (ဲ wऱრ৸ᑇؾ) 
    FOR O=1 TO  (WSJऱױ։ᆠ଺ᑇؾ) 
     IF CSI JK ፖ WCSJK ڶՂ૪ᣂএ THEN Weight(WSJ)= Weight(WSJ) 

+1 
     ENDIF 

ENDFOR 
ENDFOR 

            ENDFOR 
            ENDFOR 

ENDFOR 

ଚݺൎΔᅝྥףᦞଖۖ൓ࠩףፖՂՀ֮ઌᣂऱრ৸ຟຏመᏺࠄ߷Δဲ፿ऱڼط

ᝫ૞ኙၞڼ۩ូԫ֏๠෻Δࠡូԫ֏ऱֆڕڤՀقࢬΚ 

i
i

i
i

WSWeight
WSWeight

WSwt
)(

)(
)(                 ΰ1α 

          ࠡխ i ਢᇠဲऱრ৸ऱݧᇆΖ 
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ᣂ᝶ဲ௅ᖕࠡᆠࠄຍނଚݺհ৵Δݡඈࡉ࠷༽ڗᆖመԱᣂ᝶ڇၦΖٻԫګق।ء֮

଺ᦞଖਊᅃवጻ㠪ऱ໢ဲࡳᆠ։ᇞګ㻽ᆠ଺ΔװڇࠀೈԱլױ։ᆠ଺հ৵Δݺଚආشዝ

ጩऄ 2խऱֱऄૠጩױٺ։ᆠ଺Δ֮ٙ༉।ګقԱױ։ᆠ଺़ၴխऱԫଡٻၦΖ 
ዝጩऄ  ၦዝጩऄٻ։ᆠ଺़ၴऱԫଡױګقԫଡ֮ٙ।ނ 2

VK— ٻၦխऱ։ၦऱଖ 
SMI JK—ร Iଡᣂ᝶ڗร Jଡრ৸ऱร Kଡױ։ᆠ଺ 
Weightof(SM)—ਬଡױ։ᆠ଺ऱᑑၦଖ 
wt(SI J)Ёร Iଡᣂ᝶ڗร Jଡრ৸ऱᦞଖ 
࿯ٻၦऱޢଡ։ၦଖᓿॣଖ 0 
FOR I:=1 TO  (ᣂ᝶ڗऱᑇؾ) 
ʳ FOR J=1 TO  (ร Iଡᣂ᝶ڗऱრ৸᜔ᑇ) 

FOR K=1 TO (ร Iଡᣂ᝶ڗร Jଡრ৸) 
ʳ ʳ Weightof(SMK)= Weightof(SMK)+wt(SI J) 
ENDFOR 

          ENDFOR 
        ENDFOR 

 قᑓࣨ।֪ش 3.2
ଈࠎ༽֪ش٣ mᒧࠡࢬტᘋᔊऱ֮ᚾΔ㻽Աᏺ֪شףᘋᔊऱ֮ٻڇءၦ़ၴխऱയ৫Δ
ԫ౳૞ޣ m>50ΔආشՂ֮ࢬ૪ऱֱऄނຍء֮ࠄ।ق㻽ױ։ᆠ଺़ၴխऱٻၦΔຍࠄ
ଚ༉ݺመៀழΔء֮۩ၞڇΖࠏق֪شଚጠࠡ㻽ݺΔࠏقᘋᔊऱ֪ش।ᇠזԱګၦ༉ٻ

ਢൕࠏق֪شխנބ kଡፖڇإመៀऱ່֮ء㻽ᔣ२ऱٻၦ܂㻽ᔣٻࡺၦၞ۩։࣫Ζ 

 ৫ऱૠጩۿઌء֮ 3.3
ΰ1αڤຏመֆאױ৫ۿऱઌءၦΔࠟଡ֮ٻၦ़ၴխऱԫଡٻ։ױګقբ।ءΔ֮ڼ۟
խऱ࢐܇ଖ।قΔࠡଖ။ՕΔঞ।قຍࠟଡ֮ءऱ׌ᠲ။ઌۿΔݺଚᎁ㻽הଚਢ။ઌ२

ᔣࡺΚ 

                     
||||

)(
)cos( ,

textuser

textuser

VV
VV

a                       ΰ2α 

ࠡխ )( 2,1 texttext VV ਢਐٻ֪شၦٻء֮ࡉၦऱփᗨΔ || textV ।ٻء֮قၦऱᑑၦΖ 

ԱشଚආݺመៀᅝխΔء֮ڇ kଡ່२ᔣࡺΰkNNαऱֱऄΚኙ࣍ਬԫᙁԵ֮ء sΔ
ਊᅃՂ૿ࢬ૪ऱֱऄലࠡ।ق㻽ױ։ᆠ଺़ၴऱٻၦΔࠏق֪شڇխΔشܓֆڤΰ2αਗ
ᙇנ kΰk<<mαଡፖհ່ઌ२ऱᔣء֮ࡺΔ௅ᖕֆڤΰ3αૠጩ،ፖຍ k ଡ֮ءऱઌۿ
࿓৫ SiΔࠡଖ။೏Δঞݺଚ rᎁ㻽،။ਢࢬ֪شტᘋᔊऱ֮ءΖ 
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k

i
iaSi S

1

2
))(cos(                           (3) 

    ࠡխ           x
xS

0
)(  

 
௅ᖕאױଚݺᅝխΔء֮ڶࢬᏁመៀऱࢬڇ Siၞࠐ۩ઌᣂ৫ඈ֘ݧ墅࿯֪شΔՈױ

๻ԫᎺଖא tΔᅝਬ֮ءፖ֪شᏁޣऱઌᣂ৫Օ࣍ tழঞᎁ㻽ᇠ֮ءฤ֪شٽᏁޣΔ֮ނ
ڇ֪شໂאਬ๠ڇژࢨೈװء֮ڶࢬᇠଖऱ࣍܅ނΔ֪ش࿯ڃ१ݧਊઌᣂ৫Օ՛ऱႉء

ऱ֮נመៀࢬଚݺڶࢬ׏ᎁ㻽༓֪شΔૉװᐞၞە墅ڃऱ֪شނאױଚݺழ๠෻Ζ़ڶ

ٙຟਢࢬהტᘋᔊऱΔঞݺଚױᓳ܅ t ଖΔ֘መࠐΔૉڶৰء֮ڍլฤ֪شٽऱᘋᔊΔ
ঞݺଚᓳ೏ tଖΖ 

 ᣊܑऱូᣊء֮ 3.4
شଚආݺ kNNऱֱऄΖଈݺ٣ଚಝᒭऱழଢΔݺଚނຍࠄբᆖ։ړᣊऱਊਢܡ㻽֪شऱ
Ꮑ૞٤ຝਊՂ૪ֱऄ।ױګق։ᆠ଺ٻၦ़ၴऱٻၦΔኙԫᄅၞࠐऱԫଡᄅऱ֮ءΔݺ

ଚආشՂ૿ऱֱऄ᠏֏㻽ױ։ᆠ଺ٻၦ़ၴխऱ़ၴٻၦΔ೗๻㻽 dΔൕխנބ k ଡፖ
່ࠡ㻽ᔣ२ऱٻၦΔྥ৵ᛀ਷ຍ k ଡբᆖᒔړࡳᣊܑऱٻၦऱᣊܑ܂㻽ຍଡٻၦऱᣊ
ܑΖຍ kଡٻၦऱᦞૹאױຏመࠡፖ dऱઌ२࿓৫ၞ۩ᓿଖΖ 

kNNਢԫଡഗ࣍ᒤࠏऱᖂ฾ऄΔࠡ׌૞ऱૠጩၦਢൕٻၦ़ၴխנބ kଡ່२ऱᔣ
ழၴᓤᠧ৫㻽ࡺ O(L*N)Δࠡխ Lਢױ։ٻၦ़ၴऱױ։ᆠ଺ᑇؾΔN㻽ױ։ٻၦ़ၴխ
ऱಝᒭ֮ءऱᑇၦΖ 

kଖऱᒔֱࡳऄΚ 

ᒔᎁࠐ՞ऄ࿆ش૞ආ׌ଚݺ kଖΔڇಝᒭ֮٤ءຝ।ٻګقၦ़ၴऱٻၦא৵Δਊ
Հ૿ዝጩऄၞ۩ૠጩΚ 

ዝጩऄ 3  kNNխऱ kऱૠጩዝጩऄ 

biggestequal:=0 
bigestkΚ=0Ι 
࿯ٻၦऱޢଡ։ၦଖᓿॣଖ 0 
FOR k:=ΰԫଡ>1ऱ՛ᖞᑇαTO  (ԫଡՕᖞᑇ)  
  km:=0; 
ʳ FOR I=1 TO  (ಝᒭ֮ءऱᑇؾ) 

    ኙ࣍ร Iଡಝᒭ֮ءΔૠጩ kଡ່२ᔣࡺΔشܓࠀ kଡᔣࡺऱᣊܑࡳܒ
ร Iଡ֮ءऱᣊܑΔ࣠ڕઌ࿛Δঞ km:=km+1; 

          ENDFOR 

㣞 x<h㦍 

㣞 x>=h㦍 
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          If km>biggestequal then 
Begin 

biggestequal:=km; 
bigestk:=k; 

end; 
        ENDFOR 

4. መៀᑓীऱኔ᧭࿨࣠֗ኔ᧭։࣫ 

ტᘋᔊऱփ୲ઌ२ऱխ૎֮ࢬהԱࠎ༽ຟ֪شऱኔ᧭ᇷறΔຍԶଡ֪شଚᛧ൓ԱԶଡݺ

ٺء֮ 60ᒧ܂㻽ઌᣂ֮ءΔࠎ༽؆׼ 1000ᒧࠡהփ୲ऱ֮܂ء㻽եឫ֮ءΔࠡխխ૎
ٺ֮ 500ᒧΔኙޢ࣍ଡ֪شΔݺଚشࠌൕࠡࠎ༽ࢬऱઌᣂ֮ءᙟᖲ࠷ࢼխ૎֮֮ٺء 30
ᒧዌທ֪ࠡشᑓࣨΔࠡ塒ऱઌᣂ֮ءፖեឫ֮ء෗ᠧԫದዌګԱྒྷᇢႃΔݺଚ༉უൕࠡ

խመៀࠄ߷נઌᣂ֮ءΖ 

נଚመៀݺ෷ਢਐڃ״壄ᒔ෷Ζࡉ෷ڃ״ଚऱᑓীΚݺေᏝࠐԱࠟଡ೶ᑇشࠌଚݺ

ऱઌᣂ֮ڶࢬ׭ءઌᣂ֮ءऱֺ෷Δ壄ᒔ෷ਢਐݺڇଚڶࢬመៀנऱ֮ءᅝխΔઌᣂ֮

෷ᄎڃ״෷Ղ֒Δঞ壄ᒔ෷ᄎՀ૾Δۖ壄ᒔ෷Ղ֒Δঞڃ״Δߢऱֺ෷Δԫ౳ۖ׭ࢬء

Հ૾Ζ 

। 1༉ਢݺଚኔ᧭ऱ࿨࣠Δ࿨࣠।ࣔشᇠֱऄၞ۩መៀऱֱऄய࣠ॺൄړΔ壄ᒔ෷
ৰ೏ΔڇኔᎾᚨشᅝխΔݺଚᝫ֪֘شނאױ墅ऱൣउەᐞၞװΔױګݮ௅ᖕ֪شऱᘋ

ᔊ֪ش᧢ޏނۖ᧢ޏᑓࣨٻၦൕۖޏ᧢ᙇᖗऱ֮ءऱ۞ᔞᚨߓอΖ 

 
 User 

1 
User 
2 

User 
3 

User 
4 

User 
5 

User 
6 

User 
7 

User 
8 

Average 

״

ڃ

෷

(%) 

English 88.7 90 90 89 86 87 92 91 89.2 
Chinese 86.6 91.5 86 85 84 87 90.6 90 87.6 

壄

ᒔ

෷

(%) 

English 86 88.6 85 88.7 87.5 88.5 84.7 90 88.5 
Chinese 82 85.4 85 87.6 84.2 86.3 88.6 86.8 87.5 

।  壄ᒔ෷ࡉ෷ڃ״ऱ֪شᇠֱऄऱԶଡشࠌ1

 Κڂ࿨࣠ऱ଺ړለس։࣫ຍଡመៀᑓী㶷ࠐՀ༓ֱ૿אൕאױଚݺ

࿓ۿ։ᆠ଺़ၴխૠጩઌױڇႊ׽ᆠ଺Δګຟ๯։ᇞ࢚ऱᄗڶࢬፂ։़࣫ၴΚ܅ .1
৫Δຍᑌݺଚ༉׽૞ૠጩ 600ଡؐ׳ऱױ։ᆠ଺ۖլਢ 100000ଡؐ׳ऱխ૎֮
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໢ဲΔ܅૾ڼڕፂᑇױᄕՕچ༼೏ڃ״෷ΔᝫڶΔ܅૾אױૠጩᓤᠧ৫Ζ 

2. ઌᣂ։ၦଖለՕΚֺڇڕԫᒧఐԳՂ᠔ೃװ઎ఐऱ֮ء㠪Δױ౨ᄎᄎנ෼๺ڍᣊ
Ϙ᠔एϙڶܶץຟဲࠄϙΕϘ᠔ೃϙΕϘए᛭ϙ࿛ׂ፿ΔຍسϘఐԳϙΕϘ᠔ۿ

࿛ᆠ଺ΔൕۖࠌϘ᠔एϙຍଡᆠ଺։ၦऱଖֺለՕΔຍᑌ༉౨ડ֮ءנऱࢬ૞ᝑ

૪ऱփ୲׌૞ਢᣂ࣍᠔᛭ຍԫֱ૿ऱΔຍ࣍ܗڶ༼೏壄ᒔ෷ፖڶ״෷Ζ 

3. եឫႈለ֟ΚᆖመԱᣂ᝶࠷༽ڗΕဲ፿ඈࡉݡլױ։ᆠ଺ऱװೈ৵ΔໍࢬՀऱᆠ
଺Օڍፖ֮ڶءૹ૞ऱᜤᢀΔۖ ፖ֮ءઌᣂ৫ለ֟ऱࠡה։ၦऱଖઌֺհՀࣔ᧩

ለ՛Ζ 

ၦٻءၦፖ֮ٻ֪شאࠀၦΔٻ㻽ԫଡګق।֪شނଚݺᅝխΔ܂ছऱՠאଚݺڇ

ऱ݈ࠐߡ।ء֮قፖ֪شऱઌᣂࢤΔۖආشԱ kNNݾ๬ΔאڇױՀຍ૿ֱࠄ᧯෼ࠡנᚌ
ႨΚ 

1. ଈ٣ኙ࣍ਬԫଡױ֪ش౨ֺڶለᐖऑऱᘋᔊΔঞٻ݁ؓࠡ࠷ၦױ౨ᄎᖄીֺለՕ
ऱᎄ஁Ζ 

2. ኙٵ࣍ԫଡᏆ഑Δլٵ᧯ဪऱ֮ີࠡٻڇၦ़ၴᅝխՈױ౨ڶለՕऱ஁၏Δؓ࠷
 ለՕऱᎄ஁ΖګၦՈᄎທٻ݁

ለڶຍଡመ࿓ᅝխՈڇ׊ࠀለ㻽ᙈᒷΔ᧢ޏၦऱٻΔؓ݁֏᧢سᘋᔊ㶷֪ش࣠ڕ .3
Օऱᎄ஁Ζ 

ۖ kNNঞ৾৾ઌ֘Δ 

1. ૉֺڶ֪شለᐖऑऱᘋᔊΔঞٻڇၦ़ၴᅝխګݮլٵᜀऱٻၦΔ༉ڶױլٵऱ
ᔣࡺΖ 

2. ኙٵ࣍ԫᏆ഑ۖլٵ᧯ဪऱ֮ີΔՈٻڇױၦ़ၴխګݮլٵᜀऱٻၦΔዌګլ
 Ζࡺऱᔣٵ

3. ૉ֪شᘋᔊ࿇س᧢֏Δ׽૞ࠎ༽ڻ٦ᄅऱࢬᘋᔊऱ֮ءΔٻڇၦ़ၴᅝխ༓׏լ
 Ζش׼ໂאၦٻঅఎ៱ऱױ׊ၦऱᐙ᥼Δٻऱ៱࠹

ࠡᚌႨڇױቹ ቹࡉ1 2 ᧯෼ࠐנΖ 
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5. ࿨ޔ፿ 

ൕጻሁᇷಛࣚ೭Ꮑנޣ࿇Δݺଚᎁ㻽ؘڶ૞ኙᇷಛᄭऱᇷಛၞ۩መៀΖנ༽֮ءԱԫଡ

ኔ᧭݁।ࣔΔࡉመៀऱᑓীΔ෻ᓵء֮۩ၦ़ၴᑓীऱֱऄၞٻش։ᆠ଺़ၴխආױڇ

ᇠᑓীֺࠠڶለړऱመៀய࣠Δൕຒ৫ࣚࡉ೭ࢤ౨ՂሒࠩԱለړ࿓৫Ζ 

ઌᅝ࿓৫Ղᄎڇٽऱֱऄઌ࿨ڗຍጟֱऄፖᣂ᝶ނଚ࿇෼ݺᑓীऱኔ෼መ࿓խΔڇ

༼೏መៀऱࢤ౨ΔຍലਢݺଚՀԫޡઔߒऱؾᑑΖ 
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