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Abstract 

ൕಝᒭܛव೯ဲऱဲᣊΖรԫጟֱऄঞऄΔآጟֱऄቃྒྷࠟࠓٽᓵ֮ء

றխូآנव೯ဲิګऱዌဲ৳Δ։ࠟګଡऱܒឰֱڤΚԫΕࠉ

ᅃآव೯ဲऱิګऱᣂࠡࡳެڗ։ᣊΖԲΕࠉᅃآव೯ဲऱዌࡳެٽิګ

ࠡ։ᣊΖ 

ᣂڗऄଈ٣ല೯ဲࠉ९৫։ิΖรԫิԲဲڗΕԿဲڗΕဲڗΕ

նאڗՂऱဲნΖڇኙኔᎾறऱᨠኘՀΔ࿇լဲٵ९ऱ೯ဲዌઌฆΔ

ωࠟයঞެנωΕψړψנಝᒭױဲڗΚԿڕࠏ९։ิΖဲࠉലறڼڂ

ψ֏ωঞլ؆ຍࠟයঞΔڶࠀव೯ဲآ९৫ऱה೯ဲऱဲᣊΔࠡࡳ

ᔞ࣍شԲڗ೯ဲΖ 

ঞऄऱรԲຝ։ࠉᅃዌࠡࡳެٽิګ։ᣊΖڇᨠኘآव೯ဲழΔ࿇ڶ

ຝ։آव೯ဲऱิٽৰࠠڶ৳Δݺଚ༉ലಝᒭறխآव೯ဲऱิٽଡ

ូΔࠩጟิٽΖڇԼڻኔ᧭խΔঞऄאױऱآव೯ဲؓ݁પ

23.19%Δෲྒྷإᒔऱֺࠏ 91.67%Ζ 

ԲΕઌۿऄشܓፖآव೯ဲઌۿऱࠏࠐቃྒྷآव೯ဲऱဲᣊΖઌۿऄ

شܓवጻፖխ؇ઔߒೃխ֮ዌᖫᇷற 1.0 ৫ྒྷۿრፖဲᣊઌ܂
ၦऱՠࠠΖ៶طૠጩآव೯ဲፖբव೯ဲऱઌۿ৫ࠐቃྒྷآव೯ဲऱဲᣊΔ

 ऱဲᣊΖࠏۿ৫່ऱઌۿव೯ဲऱဲᣊፖࠡઌآ
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2                མᐝᤲ 

ױ৫ऱᇩΔլႛۿΔૉઌဲۿऱऱઌބ༈ࢬऄۿઌ࣍ڇړऄऱۿઌشࠌ

৫ழΔۿቃྒྷრፖዌ։ᣊΖᅝࠟଡნઌאױழՈٵቃྒྷဲᣊ։ᣊΔא

।قຍࠟଡნऱဲᣊΕრᣊፖዌؘࡳઌۿΖڇԼڻኔ᧭խΔشࠌઌۿ

ऄቃྒྷ೯ဲऱإᒔપ 71.05иΖ 

ঞऄऱᚌរܒ࣍ڇឰإᒔΔរױऱآव೯ဲᑇၦૻڶΙઌۿ

ऄऱᚌរאױՕຝ։ऱآव೯ဲΔإ܀ᒔլڕঞऄΖ່৵Δݺ

ଚٽຍࠟጟֱऄࠐቃྒྷآव೯ဲऱ։ᣊΔലࠟଡֱऄٵழᚨ່ڇش৵

ऱྒྷᇢறխΔঞऄऱإᒔ 87.25%Δۖઌۿऄऱإᒔ 65.04%Δࠟ
ထृٽ৵ऱإᒔ 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 

۞ྥߢխૹऱޡᨏਢലխ֮֮ٙឰဲࠀॵဲףᣊᑑಖΙڇឰဲᑑಖऱመ࿓խᄎ

ሖࠩऱԫଡംᠲآवဲऱڇژΖ۩ऱឰဲᑑಖߓอאࠢഗ៕᎖אዌဲऱঞಛ

ஒၞ۩ឰဲᑑಖΔڂ܀ߢऱࢤհԫψྤᒡጐऱ໌ທԺωΔྤऄᒡᜰڶࢬנऱნΙ

ԫړءऱࠢՈլᚨᇠྤַጐऱឩՕگࢬᙕऱნΔ۶ڕڼڂᙃᢝࠢխլڇژऱ

ნ༉ګԱԫଡૹऱᓰᠲΖءᓵ֮ऱؾᑑݦܛඨլڇژࠢխऱآव೯ဲΖ 

1.1 ઔߒ೯ᖲፖؾᑑ 
ছԳኙآ࣍वဲऱ൶ಘૹរႃխဲټڇาؾऱᙃᎁՂΔิڕ៣ټΕԳټΕټچᙃᢝ [ޕ
࣑ 1993Δޕ࣑Εޕൗᡮፖຫॾݦ 1994]Ζႛڶ ChenΕBaiፖ Chen [1997] شܓ
ᒔપإवဲΔآऱಛஒ٤ຝऱ(suffix)ݠڗଈ(prefix)Εڗ 76%ΔۖݛࣔػΕຫ၌
ྥፖຫ܌ [1998] شࠌ ChenΕBaiፖ Chen [1997] נ༽ࢬऱֱऄΔشܓ٦ছ৵֮ऱಛஒ
ᇖൎࠐ ChenΕBaiፖ Chen [1997] ֱऄլߩհΔലإᒔ༼۟ 83.83%Ζڇ೯ဲ։ᣊ
آڇඨݦࠀव೯ဲऱ։ᣊՂΔآڇ࣋ᓵ֮ലૹ֨ءᒔ࣠լऱൣउՀΔإ

 ୲ဲΖݮፖဲټव೯ဲऱֱऄ᠏ฝآലຍጟࠐ

೯ဲլጥ۶֮ٚڇऄᓵխΔڇଳ࣫ழຟਢ່࣍ۯխ֨ऱຝ։Δૉ೯ဲآव

ဲΔႨؘലᐙଳ࣫ऱإᒔࢤΖזዧऱ೯ဲዌᓤΔփຝঞᓤᠧΔૉྤߩ

ജऱߢಛஒ٤ྤݙऄܒឰࠡ։ᣊΔݺଚᎁ೯ဲ۞೯։ᣊઔ۟ߒվྤऄ༼إᒔऱ

ૹڂ೯ဲᓤऱփຝዌΖ 

ᑑല೯ဲ۞೯։ᣊࠩխઔೃဲ՛ิ [1993] ऱဲᣊਮዌՂΔ೯ဲऱဲؾଚऱݺ 
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ᣊ։ᣊڶ٥ 15ᣊΔࠀ܀ॺޢԫᣊຟࠠڶ༁ࢤسΖࠄڶᣊܑפڕ౨ဲԫΔ᥆࣍ຨဲࢤ
ᣊΔຨဲࢤᣊᇠ։ᣊխऱნլᄎᏺףΔۖڇխઔೃဲ՛ิऱ։ᣊխ 15ᣊխڶ 9
ᣊਢࠠڶ༁ࢤسऱ։ᣊΙຍ 9 ᣊ։ᣊխऱ೯ဲნᄎᙟထறऱᏺ९ۖᏺڍΔݺଚݦ
ඨലآव೯ဲ۞೯։ᣊࠩຍ 9ᣊ೯ဲ։ᣊխΔຍ 9ᣊ೯܂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 
वဲऱآΕຫ၌ྥ [1997] ։࣫܌ࠢխऱნΖຫڇژᆠլࡳवဲऱآᓵ֮խء
ጟᣊࠟጟΔรԫጟຨࢤΔຍԫᣊীឈྥڇᑇၦՂױ౨ྤᑇଡΔ܀ਢشױঞ

ऄ(Regular Expression)ࠐขسፖᙃᢝΔڕΚ۫ցԫڣ(ழၴ)ΕԫՏࠟۍԮԼԲ(ᑇ
ঞऄشवဲৰᣄآΔຍԫᣊऱࢤ࣋ΕԲԮԶԶԿԮ(ሽᇩ)ΖรԲᣊঞၲ(ۯ
։࣫խઔೃؓᘝறڇ  [1998]܌Εຫ၌ྥፖຫݛࣔػ᥆ຍԫᣊΖܛဲٽ।ሒΔᓤࠐ
৵ូآנवဲऱ։ᣊฃΕറဲټڶΕဲسΕᓤဲٽፖᑇڗীᓤဲٽΖ 

։ګګิࠄଚጠຍݺΔګۖٽ։ิګګՂऱิאଡࠟطΔဲٽव೯ဲຏൄᓤآ

ဲഗ (base)2Ζ᎓ցٚ [1968]ΕLiፖ Thompson [1981]ፖྏ[1988] ۃݪ ༼֗ዧऱᓤٽ
ΔࠟଡګψུωፖψᑅωຍࠟଡဲഗิطΚψུᑅωΔڕऱփຝऄዌΙࡳڶࠠဲ

ဲഗհၴऱᣂএ೯ᎏዌΖឈྥဲഗਢૻڶऱΔ܀ਢဲഗፖဲഗऱิٽᑇၦᡓՕΔڂ

 խΖࠢڗᙕၞگव೯ဲآऱڶࢬଚྤऄലݺԱګທڼ

ऱᣂဲࡳشܓឰ೯ဲऱ։ᣊΔঞऄܒࠐऄۿঞऄፖઌشܓଚݺᓵ֮խءڇ

ፖဲഗऱิࠐڤֱګቃྒྷآव೯ဲऱ։ᣊΖઌۿऄঞ༈آބव೯ဲऱઌဲۿΔૠጩآव

೯ဲፖઌဲۿհၴऱઌۿ৫Δ٦ലຍࠄઌࠉဲۿᅃဲᣊ։ิΖൕޢଡဲᣊᅝխנ࠷ Kଡ
ઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔࠩآव೯ဲࠩޢଡဲᣊऱؓ݁၏ᠦΔآ

व೯ဲऱဲᣊܛፖࠡ၏ᠦ່ઌ२ऱဲᣊΖ 

1.3 ற։࣫ፖ 
व೯ဲآΖଈ٣Δಘᓵైڂ౨ױव೯ဲဲᣊऱآෲྒྷױፖࢤव೯ဲऱآտฯڼڇଚݺ

ऱࢤΖآव೯ဲᓤဲٽΔຏൄطᑇଡࠠڶ༁ࢤسऱဲഗګิࢬΔڶࠠߪءຘࣔࢤΖ

                                                 
1 ߠॵᙕԫ। 12.խઔೃဲ՛ิဲᣊᑑಖ[1993]Ζ 
2 Sproatፖ Shih [1996] ጠփຝऱۯ㻽ဲ(root)ΔChenΕBaiፖ Chen [1997] ጠऱۯ
㻽ڗଈ(prefix)ፖݠڗ(suffix)Ζݺଚঞጠۯ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.�” ݺଚڼڇެဲشࠌࡳഗ㻽ݺଚ֊໊ऱۯऱဲ࣍ڇڂഗऱࡳᆠለဲ 
(root)Εဲი (stem) ᐈᠾΖآव೯ဲݺଚឰဲߓอ֊։ࠐנৰڍۯΔݺଚࠀլᒔࡳຍࠄ
 Ζۯ։ऱ֊ࢬอߓឰဲڶࢬො።אױᆠࡳԫଡ່ᐈᠾऱشඨᙇݦଚݺڼڂऱრᆠΔإటۯ
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আωຍԫᣊऱݝ٨Եࠢխऱψ᭗᭖ωΕψ࣍ᄅωፖψᝑᙑωઌኙޣव೯ဲψآΔڕࠏ

ნڶࠠڍრຘࣔࢤΔאױࠀൕࠡิګګ։ቃྒྷנᇠဲऱრΖ 

व೯ဲऱ։ᣊΖԫΕრΖრઌ२ऱნΔآቃྒྷױైڂԿଡڶଚᎁݺΔڻࠡ

ኙ܂ᆠဲဲࣥխऱრᣊፖխઔೃဲ՛ิ [1993] ဲᣊٵଚലݺΖۿ᥆ऱဲᣊᚨᣊࢬ
ᚨΔխઔೃဲ՛ิဲᣊڶ 45ᣊΖؓ݁ࠐᎅΔٵᆠဲဲࣥԫଡრᣊႛኙᚨࠩဲ՛ิ
1.97 ጟဲᣊΔܛԫଡრᣊխऱნપڶऱဲᣊᑇၦΖݺڼڂଚᎁრࡉైڂნऱ
ဲᣊڶയ֊ᣂᜤΖԲΕዌΖዌຏൄᄎૻګิࡳऱဲᣊΔૉዌ�“VC+Na�”ऱآव೯
ဲΔຏൄᄎิګ VA ဲᣊΔڂڇຍଡآव೯ဲऱփຝዌխբᆖנԱԫଡཏຏဲټ
(Na)ࠐየߩছ૿ऱ೯֗܂ढ೯ဲ(VC)ࢬޣऱᓵցΔڇຍጟൣݮՀຏൄᄎګݮլ֗ढ೯
ဲΔݺڼڂଚᎁዌᄎᐙࠩ೯ဲऱဲᣊΖԿΕᣂဲΖࠄڶᣂאױڗऴ൷ऱެࡳ

ᖞଡ೯ဲऱ։ᣊΔڕΚૉآव೯ဲऱ່৵ԫଡဲഗψ֏ωΔᇠآव೯ဲܛ VHCᣊΖ
૨ഏψ֏ω VHCᣊΖ 

 ᥆ऱဲᣊΖࢬव೯ဲآऱᒵቃྒྷנ༽ࢬՂ૪شܓଚݺᒧᓵ֮խءڇ

2. ֱऄፖற 

ܒऱଡࠟګ։ױऄΖঞऄۿ᥆։ᣊऱֱऄΚঞऄፖઌࢬឰ೯ဲܒጟࠟנ༽ଚݺ

ឰֱڤΖԫΕࠉᅃآव೯ဲऱิګऱᣂࠡࡳެڗ։ᣊΔڕΚ૨ഏψ֏ω VHC ᣊΖ
ԲΕࠉᅃآव೯ဲऱዌࠡࡳެٽิګ։ᣊΔψaabbωऱნणኪᣊΔڕΚؓؓᙩᙩΙ
ψababωิٽऱნ೯܂ᣊΔڕΚᄷໂᄷໂΖۖઌۿऄऱֱऄ༈ބፖآव೯ဲ
ऱઌဲۿΔૠጩآव೯ဲፖࠡઌဲۿհၴऱઌۿ৫Δ٦ലຍࠄઌࠉဲۿᅃဲᣊ։ิΖൕ

נ࠷ଡဲᣊᅝխޢ KଡઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔࠩآव೯ဲࠩޢ
ଡဲᣊऱؓ݁၏ᠦΔآव೯ဲऱဲᣊܛፖࠡ၏ᠦ່ઌ२ऱဲᣊΖ 

ঞऄऱᚌរܒ࣍ڇឰإᒔΔរױऱآव೯ဲᑇၦૻڶΙઌۿऄऱᚌ

រאױՕຝ։ऱآव೯ဲΔإ܀ᒔլڕঞऄΖءڇᆏխΔݺଚଈ٣տฯ

ঞऄΔ൷ထտฯઌۿऄΔ່৵ٽຍࠟଡֱऄࠐቃྒྷآव೯ဲऱ։ᣊΖ 

נ࠷ࢼଚൕխઔೃؓᘝறխݺ 10443 ଡլڇژࠢխऱآव೯ဲΔঅఎ 1000
ଡآव೯ဲ່৵ေ۷ߓءอऱྒྷᇢறΖڇঞऄऱኔ᧭խΔլឰൕ 9443ଡಝᒭற
խૹᓤऱנ࠷ 1000ଡآव೯ဲေ۷ঞऄऱإᒔፖܶץΖۖ ऄᓳᖞֺૹऱኔۿઌڇ

᧭խΔԱေ۷شࠌवጻૠጩრઌۿ৫Δڼڂലᖑڶլ࣍ڇژवጻऱဲഗऱဲნܔೈΔ

ໍ 7535ଡΖໍ塒ऱ 7535ଡآव೯ဲ܂ઌۿऄऱಝᒭፖ৬ዌխऱྒྷᇢறΔࠐشᓳᖞ
वጻᆠΕဲᣊΕრ۾ࢬऱֺૹΖ 

3. ঞऄ 

ঞऄױ։ࠟګଡऱܒឰֱڤΖԫΕࠉᅃآव೯ဲऱิګऱᣂࠡࡳެڗ։ᣊΖԲΕ

נބ۶ൕறխ༈ڕଚݺଚലտฯݺᆏխΔءڇ։ᣊΖࠡࡳެٽิګव೯ဲऱዌآᅃࠉ

ຍࠄঞΖ 
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3.1 ঞಝᒭፖᨠኘ 
ঞऄࠟطଡܒឰֱऄิګΔࠉױᅃآव೯ဲऱิګऱᣂࠡࡳެڗ։ᣊፖࠉᅃዌิګ

 ឰֱऄΖܒ։ᣊऱࠡࡳެڗऱᣂګव೯ဲऱิآᅃࠉଚಘᓵݺ։ᣊΖଈ٣Δࠡࡳެٽ

ڗ। 1ΖรԫิԲߠ٣։ิΔٵᑇլڗᅃࠉଚലಝᒭறխऱ೯ဲݺ
ဲΕรԲิԿဲڗΕรԿิဲڗΕริնאڗՂऱဲნΖࠉᅃڗᑇլٵ։ګ

ิऱݦ࣍ڇڂඨࠉᅃڗᑇ९ऱլٵಝᒭנ৳ΖڕΚԿဲڗऱψړωΕψנωࠟ

යঞΔࠡה९৫ऱآव೯ဲڶࠀຍࠟයঞΔψ֏ωঞլᔞ࣍شԲڗ೯ဲΖ

 ΖូګࢤᅃறऱࠉඨݦิΔګଚലற։ݺ

ଚូঞऱಛஒΔუൕಝᒭݺ܂ऱรԫଡဲഗፖรԲଡဲഗᅝဲڗଚലԲݺ

றխᨠኘᅝรԫଡဲഗࢨรԲଡဲഗנழΔਬଡဲᣊऱإᒔ (Accuracy) ֟ڍڶፖ
ຍයঞኙᇠဲᣊऱܶץ (Coverage)3 ڍڶՕΖאรԫဲഗᣂဲאױಝᒭࠐנԿ
ՏڍۍයঞΔאรԲဲഗᣂဲಝᒭࠐנԿՏԿڍۍයঞΔ܀ਢႛڶයঞ

࣍Օܶץ 2%Δإᒔ࣍ 80%Ζ 

࣍ᒔؘႊإࡳଚݺ 80%ፖܶץؘႊՕ࣍ 2%ਢנބቃྒྷဲᣊᄷᒔࢤለऱ
ঞΔڼڂലإᒔૡΔፂঞऱֽؓΖૻܶץࡳؘႊՕ࣍ 2%ऱڂΔݺଚլ
ᒔإຍයঞऱࠌऱঞΔ᜕ࠏԫଡאױႛנބඨݦ 100%ΔຍයঞՈլ
ܶץԱࡳଚ༉ݺΖ່৵ࢤ।זࠠ 2%ΖڇԲڗ೯ဲऱঞಝᒭຝ։ݺଚ༉অఎຍ 4
යঞݺଚ೯ဲ۞೯։ᣊխऱঞΖ 

รԲิԿڗ೯ဲΖലᆖመփຝឰဲऱԿဲڗऱรԫଡဲഗፖ່৵ԫଡဲഗஞࠐᅝ

ழΔנᎅຟਢԫයঞΔᨠኘᇠဲഗࠐଚݺऱဲഗኙٵԫଡլޢଚូঞऱಛஒΔݺ

ኙဲᣊᙃᢝऱإᒔፖኙᇠဲᣊऱܶץΖڇԿڗ೯ဲ່৵ԫଡဲഗխΔݺଚូנ

1454 යঞΔԱ൳ࠫঞऱᔆΔݺଚૡޢمයঞऱܶץؘႊ၌መ 2%Δإᒔ
መࡳؘ 80%ऱૻࠫΔᆖመᗴᙇ৵ႛໍ 9යঞΖ 

รԿิဲڗΖݺଚಝᒭࠐנऱဲڗऱঞႛڶԫයঞฤܶץٽ࣍ 2%Δ
࣍ᒔإ 80%ऱૻࠫΖริնאဲڗՂΔಝᒭࠐנऱնאဲڗՂհঞՈႛڶԫ
යঞฤݺٽଚኙܶץ࣍ 2%Δإᒔ࣍ 80%ऱૻࠫΖ່৵Δݺଚشࠌ। 1 խ
 ঞऄรԫຝٝऱঞΖڗऱᣂנ٨ࢬ

 

 

 

                                                 
3 ૠጩܶץፖإᒔऱֆࡳڤᆠڕՀΚ 
(৵ဲഗဲᣊܶץ i,ဲᣊ i)=Freq(৵ဲഗဲᣊ i)/Freq(ဲᣊ i) 
ᒔ(৵ဲഗဲᣊإ i,৵ဲഗ)=Freq(৵ဲഗဲᣊ i)/Freq(৵ဲഗ) 
i={VAΕVCΕVCLΕVDΕVEΕVGΕVHΕVHCΕVJ} 
 ᆠΖࡳᓮᅃᇠᆏऱ,ٵଡ՛ᆏլጐઌޢᆠࡳᒔऱإፖܶץ֮ء
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। 1. ঞऄհᣂڗ 

ӷՍࡋߏ നࡕঁຒ୷ 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। 2ਢݺଚᨠኘಝᒭற৵נऱូΔא aፖ bז।آ
व೯ဲऱփຝဲഗΖڇԲဲڗຝ։ΔڶૹᦤऱნΰaaαΔݺଚᨠኘࠩԲဲڗૹᦤऱ
ნऱဲᣊፖဲڗઌٵΔܛ aaآव೯ဲऱဲᣊ aऱဲᣊΔ܀ਢՈ֟ڶᑇࠏ؆ΔڕΚٍ
ٍΕࡳࡳΖ 

 Կဲڗऱዌڶٽิګ abbΕaaaΕaab ፖ abaጟΔڇຍጟൣउՀΔݺଚᨠኘࠩૉ
abࠐ༉ਢԫଡნΔຍᇠآव೯ဲऱဲᣊፖ abऱဲᣊઌٵΖૉ abլࠢڗ࣍ڇژխΔ
ዌ aabऱᇩΔෲྒྷᇠآवဲ VAᣊΖaabዌऱآव೯ဲڶຝ։ڍ೯ᎏዌΔ೯
ᎏዌऱ೯ဲຝ։ΔشࠌאױຍጟૹᓤᑓګิڤԿڗऱ೯ဲΖۖ abb ዌऱآव೯ဲΔ
ૉ abլࠢڗ࣍ڇژᅝխΔႜٻෲྒྷᇠآवဲ VHᣊΖabaዌऱآव೯ဲΔঞෲྒྷᖞଡ
व೯ဲऱဲᣊፖآ aऱဲᣊઌٵΖaaaዌऱآव೯ဲΔෲྒྷآव೯ဲऱဲᣊፖ aဲഗઌ
 Ζٵ

ڶٽิګ೯ဲऱዌڗ  aabbΕababΕaXaY ፖ XbYbΖaabb ऱآव೯ဲ։ᣊፖ ab ઌ
Δૉٵ abլڇژნऱᇩΔෲྒྷ VHᣊΔababऱآव೯ဲ։ᣊፖ abઌٵΔૉ abլژ
ழΔෲྒྷڇ VAᣊΖ 
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ଚኙறऱᨠኘ࿇ݺᖕࠉ೯ဲՕຝ։լ֗ढΔڗ  aabb ऱՕຝ։णኪᣊΔ
abab ऱዌՕຝ։೯܂ᣊΔڼڂᅝ ab լԫნΔဲڶᣊழΔঞෲྒྷ abab  VA
ᣊΖaXaY ऱዌխ༉ጩ a ֗ढ೯ဲΔ܀ਢڇຍጟዌՀ aXaY ༉ิګլ֗ढ೯ဲΔ
ۖլ֗ढ೯ဲऱ೯ࢨ܂णኪࢤঞࠉᅃ Xፖ Yຍࠟଡᣂآࡳެࠐڗव೯ဲᚨᇠणኪᣊ
ᣊऱլ֗ढ೯ဲΖXbYb܂೯ࢨ ऱဲᣊፖ b ઌٵΔڂຍ㠪ऱ X ፖ Y ଥ堸Δଥ堸ڍ
೯ဲ bΖ 

। 2. ঞऄհิٽ৳ 

ᄬԋಔӝ ٯη 

aa ԏԏǵ՜՜ǵբբǵׯׯǵــǵۺۺǵǵވވǵ࡚  ࡚

abb εാാǵЈੌੌǵқਗਗǵқහහǵϨЃЃǵԝ؇؇ǵԝᙋᙋǵԪኔኔǵՈ

 ǵՈጋጋǵհහහǵհለለݨݨ

aba ӳόӳǵזόזǵܘܘǵު٠ުǵόǵฯόฯǵᇻόᇻ 

aab λλᖂǵࡪࡪነǵࢱࢱဌǵࢱࢱᐙǵࢱࢱᖍǵࢎǵǵസസૡǵݰݰН 

aaa ჹჹჹǵቋቋቋǵಚಚಚ 

aabb ΦΦߏߏǵεεББǵππǵϩϩӝӝǵϪϪപപǵϪϪჴჴǵϸϸᙟᙟǵ

ϼϼѳѳǵЈЈۺۺǵЌЌჴჴǵЎЎᓉᓉǵББ҅҅ǵТТᘐᘐǵввಒಒǵ

ррΕΕ 

abab ڥ֎ڥ֎ǵوھوھǵררǵ፞ݒ፞ݒǵڗݾڗݾǵࡨࡨǵࡰᗺࡰᗺǵ

ǵǵϯϯǵፕፕǵୖزࣴزࣴ ԵୖԵǵୖᢀୖᢀǵໆໆǵ

௨ှ௨ှǵ௲૽௲૽ǵೕჄೕჄǵമമǵӝӝǵෳᡍෳᡍ 

aXaY ӞٰӞѐǵԆԆрǵՍٰՍѐǵٰѐǵסٰסѐǵפٰפѐǵרٰרѐǵ

۳ǵޔٰޔѐǵވٰވѐǵݾٰݾΠǵݽݽѐǵܙٰܙѐǵٰѐǵׯٰׯ

 ѐǵٰ࣮࣮ѐǵऀٰऀѐǵᡣٰᡣѐǵᢕٰᢕѐǵٰѐࡷٰࡷѐǵࡩٰࡩ

XbYb ѰѓǵӳᇥИᇥǵεआआǵѰགྷѓགྷǵѰᖴѓᖴǵܿາՋາǵ࣮ӆ  ࣮

3.2 ঞऄေၦ 
ऱנ࠷ࢼଚൕխઔೃؓᘝறխݺ 9443ଡಝᒭறխ֘Լ࠷ࢼڻ 1000ଡآव೯ဲ
व೯ဲપآऱאױঞऄऱྒྷᇢறΔ܂ 23.19%Δෲྒྷإᒔऱֺࠏ 91.67%Ζ 

 ঞऱறشࠌאױ/ᒔऱ೯ဲᑇၦإᒔ=ෲྒྷإ

 ٤ຝऱྒྷᇢற/ঞऱறشࠌאױ=ܶ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։ᣊΖآव೯ဲऱࢤհԫิګګ։᥆࣍

ଚথݺ܀ࠢխᇬࠩΔڇΖຍࠟଡნຟྤऄݙΕᝑٱΚᇢڕࠏრࣔᒔΔဲشൄ

ৰ堚ᄑऱאױൕ૿ڗՂवຍࠟଡ೯ဲऱრΔۖຍᑌऱิڤֱٽਢॺൄࠠڶ༁ࢤس

ऱΔאױᤉᥛ༁سψഀݙωΕψᎅݙωٺᑌऱნΖ 

ᖕݺଚኙآव೯ဲறऱᨠኘΔآव೯ဲऱิګឈྥڶԫࡳऱᑓڤΔڂ܀ߢ

ऱᓤᠧ৫Δྤऄലڶࢬऱঞයࠐנ٨ΖݺڼڂଚڇຍᢰشࠌઌۿऄΔലಝᒭறխऱ

ऱ೯ဲֺለΔྒྷڶࢬழΔലࠡፖנव೯ဲآᄅऱڶਢԫයঞΔᅝ܂ଡ೯ဲຟᅝޢ

ၦᄅऱآव೯ဲፖಝᒭறխऱ೯ဲऱઌۿ৫Δᄅऱآव೯ဲፖಝᒭறխऱ೯ဲ။ઌ

ωݙΖૉψᝑݙፖഀݙΚᝑڕࠏ೯ဲऱဲᣊΖۿፖࠡઌ࣍౨᥆ױڶव೯ဲ။آழΔᄅऱۿ

։ፖಝګګव೯ဲऱรԲଡิآव೯ဲΖآଚऱݺωݙଚಝᒭறխऱ೯ဲΔψഀݺ

ᒭறխऱࠏઌٵຟψݙωΔݺڼڂଚႛᏁवψᝑωፖψഀωऱઌۿ৫Δૉψᝑω

ፖψഀω։᥆ऱဲᣊઌۿ৫Δঞ।قψᝑωፖψഀωऱዌᣊۿΙૉψᝑωፖψഀω

ऱრઌۿ࿓৫ऱᇩΔঞψഀݙωऱ೯ဲ։ᣊঞৰױ౨ፖψᝑݙωઌٵΖ 

ቃྒྷאױ৫ऱᇩΔլႛۿΔૉઌဲۿऱऱઌބ༈ࢬऄۿઌ࣍ڇړऄऱۿઌشࠌ

ဲᣊ։ᣊΔٵழՈאױቃྒྷრፖዌ։ᣊΖᅝࠟଡნઌۿ৫ழΔ।قຍࠟଡნ

ऱဲᣊΕრᣊፖዌؘࡳઌۿΖ 

ፖ࠷ऱᙇဲۿᎅࣔઌࠐ৫ऱྒྷၦֱऄΔ൷Հۿᆏխଈ٣տฯრፖဲᣊઌءڇଚݺ

 व೯ဲဲᣊऱቃྒྷΖآ
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4.2 ઌۿ৫ྒྷၦ 
ۿೃխ֮ዌᖫྒྷၦဲᣊઌߒრྒྷၦऱՠࠠΔխ؇ઔ܂वጻشࠌଚݺխ֮ءڇ

৫ΔտฯڕՀΖ 

ԫΕवጻԫᠨ(խ֮Ε֮)ऱवᢝࢤࠢΔطᇀࣟፖᇀൎᒳᐷگګݙᙕપԼ
ԫᆄයဲයΔवጻߓอխڶܶץխᠨवᢝࠢΕխ֮១᧯वᢝࠢΕխ֮᧯वᢝ

ࠢΕᄗ࢚ᐛΕ೯ኪۥߡፖ᥆ࢤΕဲᣊ।Ε֘ᆠᣂএ।Εኙᆠᣂএ।Εᑑقฤᇆፖᎅ

ࣔΕवጻጥ࿓ڤΖݺଚءڇᆏᅝխലտฯشࠌ۶ڕवጻૠጩრઌۿ৫ፖေၦֱऄΖ 

ԲΕխ؇ઔߒೃխ֮ዌᖫᇷற 1.0 խܶץԱԼଡᚾூΔԿᆄԶՏԮۍԲԼն
ལխ֮ዌᖫΔܶڶԲԼԿᆄՏնۍԿԼԲଡဲნΔޢԫዌᖫΔᑑقዧऄፖ

რಛஒΔဲᣊᑑಖፖឰဲᑑಖߓอԼնଡᑑಖΔዌᖫխऱᑑಖਢطԼնଡᑑಖ

า։ۖګΖءڇᆏխݺଚشܓխઔೃխ֮ዌᖫྒྷၦဲᣊऱઌۿ৫Ζ 

4.3 რઌۿ৫ྒྷၦ 
वጻપᙇشԱԫՏնڍۍଡᆠࡳࠐᆠխᠨवᢝࠢխऱޢଡဲΔࠀ৬ڶ༴૪ٺ

ଡᆠհၴऱᣂএऱ։ᣊᖫΖڕࠏΚψᦰωԫဲطψൕࠃωΕψᖂωፖψඒߛωԿଡ

ᆠࡳᆠۖګΔवጻխڶࠀ։ᣊᖫ।قψൕࠃωΕψᖂωፖψඒߛωԿଡᆠհၴऱᣂ

এΖ 

ԫࠐᎅΔԫଡဲڇवጻխױ౨ᖑڍڶଡဲයΔ࣍ڇڂნऱڍᆠࢤΔݺڼڂଚ

 ৫Ζۿ᥆ऱဲයၴ່Օઌٺଡဲࠟ࣍৫ઌۿᆠࠟଡဲWord1,Word2ၴऱઌࡳຍᢰڇ

y2x1
,

21 EntryWord,EntryWordoreEntrySimSc maxWord,WordcoreHowNetSimS
yx

 

ωΕψᖂωࠃψൕطψᦰωԫဲڕΔګᆠۖࡳԫࠩԶଡᆠط౨ױԫଡဲයޢΔڻࠡ

ፖψඒߛωԿଡᆠࡳᆠۖګΔڇवጻᑑಖᆠऱঞխΔဲڇයऱࡳڶࢬᆠᆠխΔ

รԫଡᆠԫࡳਢრᆠ։ᣊΔګݮᄗၴ࢚ऱՂՀۯᣂএ(is-a relation)ΔรԲଡא৵ऱ
ᆠڻ։Δፖნհၴऱᣂএ༉լᒔࡳΔࠉᅃवጻᑑಖެࡳΖૠጩࠟଡဲයၴઌ

ڂᆠ։ၲૠጩΖڻᆠፖᖞଡნհၴऱᣂএԼ։ૹΔؘႊፖࠡ،ऱ৫ழۿ

 ڼ

 

 

my,y,2nx,x,22

y,1x,11

y2x1

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

EntryWord,EntryWordoreEntrySimSc
 

 वጻխڶ༴૪ᆠፖᆠհၴऱၸᐋᣂএऱ։ᣊᖫΔݺଚشܓຍଡ༴૪ᆠᣂএऱ
։ᣊᖫࠐᚥݺܗଚૠጩᆠၴऱઌۿ৫Ζຫ܌֗ຫ၌ྥ [1997:270] ᎁࠟଡრᣊऱ
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ઌۿ৫ࠟ࣍ڇଡრᣊڇ։ᣊᖫٌႃᆏរऱრಛஒၦ (Information Content)Δലᖞଡဲ
։ᣊਮዌ (System) ګԫଡಛஒߓอΔԫଡრᣊ Sem (ઌᅝ࣍वጻխऱᆠ) ऱಛஒ
ၦࡳᆠ Entropy(System)-Entropy(Sem)Ζݺଚڇຍᢰהشࠌଚऱૠጩრಛஒၦऱֱऄ
 ᆠऱಛஒၦΖٺૠጩवጻխࠐ

 वጻխࠟଡᆠऱઌۿ৫ຍࠟଡᆠٌࢬႃᆏរऱრಛஒၦΔࢬࠩრಛஒ
ၦ။।قຍࠟଡᆠ။ઌۿΔڼڂรԫຝٝऱઌۿ৫ࡳᆠڕՀΚ 

SystemEntropy
SemSemEntropy1

System/EntropySemSemEntropySystemEntropy
System/EntropySemSemnContentInformatio

SemSemrePrimarySco

y,1x,1

y,1x,1

y,1x,1

y,1x,1

 

ۖรԲຝ։ऱઌۿ৫ऱࡳᆠΚ 

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༉ਢรԫଡဲයऱࡳᆠऱᆠࢨ࣍ڍ࣍รԲଡဲයऱᆠ
ΔൕรԫଡဲයխรԲଡᆠၲࡨΔޢଡᆠፖรԲଡဲයխऱޢଡᆠૠጩઌۿ৫Δ

รԫଡဲයխޢଡᆠఎՀፖรԲଡဲයᆠઌۿ։ᑇ່ऱิٽΔലรԫଡဲයխޢ

ଡᆠࠩऱ։ᑇؓ݁Δ༉ਢݺଚࡳࢬᆠऱรԲຝ։ऱઌۿ৫ΖאՂࠟڤխٺႈઃೈא

SystemEntropy ਢፂઌۿଖտ࣍ ࡉ0 1հၴΖ 

4.4 ဲᣊઌۿ৫ྒྷၦ 
ଚലխઔೃխ֮ዌᖫݺ 1.0 ठխऱዌᖫխូנঞΔࠀอૠޢයঞנऱ
᙮Δڕቹ 1 ऱዌᖫូױ׳נᢰऱԿයঞΖൕዌᖫխݺଚאױᨠኘࠩ
�“quantity NP�”ഄԫଡ׀ᆏរ (parent node) אױس�“Head_Neqa�”ຍଡᆏរΔݺଚ༉ല
ຍଡዌᖫխऱᣂএޏᐊঞΔᐊګ quantity NP  Head_NeqaΔࠀอૠޢය
ঞנऱڻᑇΔലዌᖫխנڶࢬٵᑌঞᑇၦีૠΔ܂ݺଚૠጩဲᣊઌۿ৫

ऱ᧢ᑇΖ 
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˦

̇˻˸̀˸
ˡˣ

̄̈˴́̇˼̇̌
ˡˣ

˛˸˴˷
˩˛˄˄˛˸˴˷

ˡ˸̄˴
˛˸˴˷
ˡ˴˷

˪̂̅˷˄ ˪̂̅˷˅ ˪̂̅˷ˆ

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

 
ቹ 1խ֮ዌᖫᖫणቹፖូঞ 

ၦٻΔᇠګऱ᙮ิנᆏរכᆏរፖ׀ٺطၦٻᆠऱࡳࢬԫଡဲᣊ(Category)ऱޢ
ऱิګګ։ऱᑇၦፖඈݧਢࡳࡐऱΔૉᇠဲᣊऱٻၦࠡխԫଡิګګ։נڶመΔঞ

ࠡଖሿΔٻၦऱิګګ։٣ਢ׀ٺᆏរऱ᙮Δࠡڻכٺᆏរऱ᙮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࿓৫Δࢬऱ։

ᑇտ࣍ 0~1հၴΔ1।٤ݙقઌٵΔ0।٤ݙقլઌٵΖ 

 

 
ji

ji
ji

CategoryCategory

CategoryCategory
CategoryCategoryoreCategorySc

*
,        

ຝ։נଚ٨ݺ VHᣊऱ೯ဲፖٺᣊ೯ဲऱઌۿ৫࣍। 4ΖೈԱ VHᣊՀऱ։ᣊ VHCᣊ
؆ΔVHᣊ೯ဲፖ VIᣊઌۿ࿓৫່ΔVHᣊፖ VIᣊࠟृઃणኪ೯ဲΔהଚऱܑႛ
൷ऱᓵցᑇၦΖVIױ࣍ڇ ᣊᣊᎏ೯ဲΔഗءՂՈਢլ֗ढ೯ဲΔ܀ਢ VI ᣊऱ೯ဲ
ԫଡտဲലᓵشࠌ೯ဲհ৵Δຏൄڇנᆜլۯᇠᓵցऱ܀ԫଡᓵցΔ࠹൷ױრՂڇ
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ց֧տࠐנΖۖ VHᣊፖ VAᣊऱઌۿ࿓৫ڻΔVHᣊፖ VAᣊٵ᥆լ֗ढ೯ဲΔה
ଚऱܑႛ࣍ڇ೯܂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࠷ 
ऱᙇဲۿव೯ဲऱઌآᨏΖԫޡऱቃྒྷ೯ဲ։ᣊऱመ࿓խΔԿଡࠐऄۿઌشࠌڇ

 व೯ဲऱဲᣊΖآࡳ৫ΔԿެۿऱઌဲۿव೯ဲፖઌآΔԲྒྷၦ࠷

 ଈ٣Δᅝԫଡᄅऱآव೯ဲנழΔݺଚࠀլवሐୌࠄಝᒭறऱ೯ဲፖᄅऱآव
೯ဲለઌۿΔڼڂᓵՂݺଚؘႊૠጩޢଡಝᒭறխऱ೯ဲፖᄅऱآव೯ဲऱઌۿ

৫Δ༈נބઌۿ৫ለऱઌ܂ဲۿᄅऱآव೯ဲቃྒྷဲᣊऱࠉᖕΔૠጩᄅऱآव೯ဲ

(Wordunknown)ፖಝᒭறխ೯ဲ (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) 

ૉආشຍጟֱऄؘႊૠጩಝᒭறխऱޢԫଡნፖݺଚآव೯ဲऱઌۿ৫Δലᄎ

၄ڍլؘऱૠጩழၴΔڼڂႛ༉ಝᒭறխፖᄅऱآव೯ဲছဲഗઌࢨٵ৵ဲഗ

ઌٵऱઌဲۿૠጩᑑऱΖ༈ࠩބছဲഗઌࢨٵ৵ဲഗઌٵऱઌဲۿ৵ΔรԲޡᏁૠጩ

ຍࠄᙇࠐנ࠷ऱઌဲۿխፖᄅऱآव೯ဲဲഗઌฆऱຝ։ऱઌۿ৫Ζૠጩࠟଡნઌۿ

৫ऱֱऄΔڕՀΚ 

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

*CategoryScore(category(Basei),category(Basej)) 



 

 

14                མᐝᤲ 

+ =1 

Wordknownઌဲۿ 

Baseiآव೯ဲፖઌဲۿઌฆऱဲഗ 

Basejઌဲۿፖآव೯ဲઌฆऱဲഗ 

ૉآवဲψഀݙωآव೯ဲΔψᝑݙωઌဲۿΔܛ BaseiψഀωΔBasej

ψᝑωΖ່৵ԫଡޡᨏਢެآࡳव೯ဲऱဲᣊΖݺଚբڶԱԫᆢઌဲۿΔٵழޢଡઌۿ

ဲՈڶፖآव೯ဲऱઌۿ։ᑇΖ٣ലຍࠄઌࠉဲۿᅃဲᣊ։ิΔൕޢଡဲᣊᅝխנ࠷ K
ଡઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔࠩآव೯ဲࠩޢଡဲᣊऱؓ݁၏ᠦΔ

৫խऱֺૹΕۿՀԫᆏྒྷᇢრઌڇଚലݺፖࠡ၏ᠦ່ઌ२ऱဲᣊΖܛव೯ဲऱဲᣊآ

რፖဲᣊऱֺૹ֗א KଖऱՕ՛ኙإᒔऱᐙΖ 

4.6 ઌۿऄᑇᙇࡳ 
ઌۿऄխᏁಘᓵՀ٨ԿរΖԫΕრઌۿ৫ྒྷၦऱֺૹΔܛᆠፖڻᆠֺૹ

ऱ᧢֏ኙإᒔऱᐙΖԲΕრፖဲᣊऱֺૹΔܛრ։ᑇΰࠐ۞वጻαፖဲᣊ։ᑇ

ऱֺૹհ᧢֏ኙإᒔऱᐙΖԿΕKଖऱ᧢֏Δܛઌࠏۿᑇၦ֟ڍኙإᒔऱᐙΖ 

ࠏۿլࠩઌބव೯ဲΚԫΕآࠟጟᣊীլ౨ቃྒྷऱנव೯ဲᄎآऄቃྒྷۿઌشࠌ

ऱآव೯ဲΖԲΕآव೯ဲऱဲഗवጻխگآᙕऱဲნΔྤڼڂऄૠጩઌۿ৫Ζ 

Ա༈ࠋ່ބऱֺૹΔڇಝᒭრऱֺૹΕრፖဲᣊֺૹፖઌဲۿᑇၦऱኔ᧭

խΔݺଚ٣ലဲڶഗլ࣍ڇژवጻऱآव೯ဲܔೈΔઌۿऄլ౨ቃྒྷऱآव೯ဲႛໍՀ

ԫጟᣊীΔބܛլࠩઌࠏۿऱآव೯ဲΖ 

 ᆠΚࡳᒔऱإ࣍ᆏኙء

 (व೯ဲآ1000-լ౨ऱ)/व೯ဲآᒔऱإᒔЈෲྒྷإ

4.5.1 რઌۿ৫ֺૹᓳᖞ 
ଈ٣ࠟࡳࡐଡ᧢ᑇΔრፖဲᣊऱֺૹፖ KଖՕ՛Δթ౨ᨠኘנઌۿ৫ֺૹऱ᧢֏ኙ
ଚ٣ղݺڼڂᒔऱᐙΖإ K=1Δრፖဲᣊֺૹ 1 ፖ 0Ζݺଚൕآव೯ဲற
խૹᓤ נ࠷ᙟᖲڻ10 1000ଡآव೯ဲ܂ྒྷᇢறΔࠡ塒ऱآव೯ဲ܂ಝᒭறΔ
ૠጩ 10 ᒔऱؓ݁Δቹ 2إࠩऱࢬڻ ࠉᅃઌۿ৫ֺૹऱ᧢֏ኙإᒔऱᐙ፹ګ
ऱቹ।Ζ10ڻኔ᧭ᇡาऱᑇᖕᓮߠॵᙕԲ। 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 რઌۿ৫ᆠፖڻᆠ(w1,w2)ፖإᒔᣂএቹ 

ᆠऱֺૹנאױՂ।ط 0.7 ፖڻᆠऱֺૹ 0.3 ழאױ່ࠩऱ
ᒔإ 59.70%Δءڇڼڂኔ᧭խݺଚشࠌ 0.7ፖ  ᆠऱֺૹΖڻᆠፖ܂0.3

4.5.2 რፖဲᣊֺૹေၦ 
ᆖطՂᆏऱኔ᧭Δݺଚലઌۿ৫ֺૹࡳ w1 0.7ፖ w2 0.3ፖ K=1Ζൕಝᒭறխᙟ
ᖲ࠷ࢼ 1000ଡآव೯ဲૹᓤ  ᒔऱᐙΖإΔᨠኘრፖဲᣊֺૹऱ᧢֏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( , )ፖإᒔᣂএቹ 
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ൕቹ 3ᨠኘࠟנଡွΚԫΕრᣊ։ᑇ۾ࢬऱֺૹ။ՕΔࠌإᒔ။૾܅ΖԲΕ
ᅝრဲࢨᣊ۾ࢬऱֺࠏ 0 ழᄎທإګᒔऱᨏ૾Ζრઌۿ৫ऱֺૹ 0.2 ፖဲᣊ
ઌۿ৫ऱֺૹ 0.8 ழאױ່ࠩऱإᒔ 64.30%Δءڇڼڂኔ᧭խݺଚشࠌ 0.2 ፖ
ॵᙕԲ।ߠኔ᧭ᇡาऱᑇᖕᓮڻრፖဲᣊऱֺૹΖ10܂0.8 14Ζ 

4.5.3 Kଖ᧢֏4 
ഗ࣍Ղ૪ऱኔ᧭ಝᒭࠐנऱ࣠Δݺଚڇലრઌۿ৫խᆠፖڻᆠऱֺૹ

ࡳ 0.7ፖ 0.3Δۖრፖဲᣊऱֺૹࡳ 0.2ፖ 0.8ΔᨠኘಝᒭறՕ՛ፖઌဲۿᑇ
ၦऱ᧢֏ኙإᒔऱᐙΖ 

࠷ Kଡઌဲۿऱֱऄല༈ࠩބઌࠉ٣ဲۿᅃဲᣊ։ Ζิൕޢଡဲᣊᅝխנ࠷ Kଡ
ઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔࠩآव೯ဲࠩޢଡဲᣊऱؓ݁၏ᠦΔآ

व೯ဲऱဲᣊܛፖࠡ၏ᠦ່ઌ२ऱဲᣊΖലآव೯ဲࠉᅃဲᣊ։ᣊऱڂਢᝩࠩ࠹܍ၦ

ՕऱဲᣊऱᐙΔۖઌࠏۿլߩ Kଡऱآव೯ဲࠡאᖑڶઌࠏۿᑇၦૠΖ 

व೯ဲΰፖՂ૪ᓳᖞآଚૠԱࠟଡኔ᧭Κรԫଡኔ᧭ऱಝᒭறొጰݺᆏءڇ

ֺૹऱኔ᧭ઌٵαΖรԲଡኔ᧭ঞਢലࠢխऱ೯ဲףԵࠩಝᒭறᅝխΔᨠኘಝᒭ

றऱᏺՕኙإᒔऱᐙΔ 

 ᅝ։ᣊᇷறొጰࠐ۞ಝᒭறழΔݺଚᨠኘࠩ KଖऱᏺՕኙإᒔ૿إڶऱᐙΖ
ऱኔ᧭խΔؓ݁પڻԼڇ K=9 ழאױሒ່ࠩࠋऱإᒔ 68.37%Δߠቹ 4Δ܀ K ଖૉ
ᤉᥛᏺՕإࠌᒔՀ૾Δ࣍ڇڂᅝ KመՕழΔءԫࠄઌۿ৫ለࢨઌۿ৫ 0ऱઌ
ॵᙕԲ।ߠኔ᧭ᇡาऱᑇᖕᓮڻΖԼ܅ᒔ૾إኔ᧭ऱګຟᄎԵૠጩΔທဲۿ

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)ፖإᒔᣂএΰಝᒭறآव೯ဲα 

 

                                                 
4 ຍଡଖਢ K-nearest neighbor (KNN)։ᣊऄऱᑇΖ 
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ݺԵ࣋ଚലࠢխऱ೯ဲݺڼڂᐙΔڶᒔإ᧯ᄎኙᖞ֟ڍଚಝᒭறऱݺ

ଚऱಝᒭறறխΔᨠኘಝᒭறᏺڍழإᒔऱ᧢֏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

ѳ֡҅ዴΒ

 
ቹ 5ઌဲۿᑇၦ(KNN)ፖإᒔᣂএ 

ΰؓ݁إᒔԫಝᒭறآव೯ဲؓ݁إᒔԲಝᒭறآव೯ဲፖࠢڗα 
ൕቹ 5խݺଚᨠኘ Δࠩᅝಝᒭறآव೯ဲףՂࠢڗழΔإᒔᙟհᏺ९Ζᅝ K=20

ழΔאױሒ່ࠩऱإᒔ 71.05%Ζಝᒭறآव೯ဲףՂࢬࠢڗࠩऱإᒔֺ
ಝᒭறપ༼܂व೯ဲآشࠌ 2.68%Ζߠߩᅝ KଖࡳࡐழΔಝᒭறᏺڍΔإᒔ
ᄎᙟհ༼֒ΖԼڻኔ᧭ᇡาऱᑇᖕᓮߠॵᙕԲ। 16Ζ 

। 5אొشࠌಝᒭறፖಝᒭறࠢڗףಝᒭறࢬኔ᧭ऱ࣠Ζൕࠟ
ଡլٵಝᒭறऱኔ᧭խΔݺଚᨠኘࠩᅝ K=1ழΔآشࠌव೯ဲ܂ಝᒭறऱإᒔ
ለآشࠌव೯ဲፖ܂ࠢڗಝᒭறऱإᒔנ 2.83%Δߠ। 5Ζݺଚൕࠢڗխ
ऱဲნࠐࢤᇞᤩ K=1ழףࠢڗאՂآव೯ဲࢬऱإᒔለ܅ऱڂΖࠢڗխگᙕऱ
ဲნڶԫຝٝਢլࠠڶრຘࣔࢤΔլ౨ൕ૿ڗՂࠡנრΔڼڂΔᅝݺଚآشࠌव

೯ဲፖ܂ࠢڗಝᒭறழΔૉݺଚႛ࠷ԫଡઌဲۿΔৰױڶ౨ࠩ࠷ຍࠄլࠠڶრຘ

Աᅝګឰ࣠Δ༉ທܒଚऱݺऱဲნΔեឫࢤࣔ K=1ழإᒔለ܅ऱ࣠Ζ 
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। 5. ಝᒭறآव೯ဲፖآव೯ဲףՂࠢڗխဲნֺለ। 
҂ޕຒ 

KNN ѳ֡҅ዴ(10ԛ)

҂ޕຒ+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. ጵྒྷٽᇢ࣠ 

ᆏऱྒྷᇢறءᒔऱေ۷ΔإอߓءऱֺૹΔၞ۩່৵ኙࠐנᓳᖞࢬ᧭Ղ૪ኔאᆏء

່ॣঅఎऱ່৵ྒྷᇢறΖڇኔ᧭խݺଚࠩᅝრऱֺૹ 0.2Δဲᣊ 0.8Δრ
ઌۿ৫փᆠऱֺૹ 0.7Δڻᆠऱֺૹ 0.3Δಝᒭறآव೯ဲףՂࠢڗ
 K=20 ழאױሒ່ࠩࠋऱإᒔΖݺଚאՂ૪ऱֺૹ܂ေ۷່৵ྒྷᇢற࣠ऱֺ
ૹΔၞ۩Հ٨ࠟଡኔ᧭ΚԫΕאઌۿऄྒྷᇢறΖԲΕٽঞऄፖઌۿऄྒྷ

ᇢறΖ 

অఎऱࢬऱֺૹΔ٣ছࠐנՂ૪ᓳᖞٽऄΔۿઌشࠌଚݺ 1000 ᇷறΔ
ᒔإࠩ 68.67%Δڇ܀ຍ 1000ଡآव೯ဲᅝխΔڶ 52ଡ೯ဲྤऄΔߠ। 6Ζ 

। 6. ઌۿऄኔ᧭ေ۷ 

(w1,w2) ( , ) KNN ࣬՟҅ݤዴ คݤೀޑ҂ޕຒ 

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

ٽছ૿ࢬ༼ࠩऱঞऄፖઌۿऄΔ٣ലຍ 1000 ଡآव೯ဲشࠌঞऄΔ
ঞऄྤऄऱ೯ဲشࠌ٦ઌۿऄΔࠟٽጟֱऄቃྒྷآव೯ဲऱဲᣊΔٽ৵ऱ

ᒔإ 70.80%Δֺشઌۿऄቃྒྷऱإᒔנ 2.13%Δྤऄऱآव೯ဲՈ྇



 

 

 19       ߒऱխ֮೯ဲ۞೯։ᣊઔءऄۿዌဲ৳ፖઌא

֟۟ 31ଡΖ 

। 7. ঞऄٽઌۿऄኔ᧭ေ۷ 

(w1,w2) ( , ) KNN ࣬՟҅ݤዴ ೕ҅ݤ߾ዴ 
่ӝࡕ

҅ዴ

คݤೀޑ 

҂ޕຒ 

(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։࣫ຍڇଚݺڼڂऱᙑᎄΔګԿڶอપߓଚ೯ဲ։ᣊऱݺ

ဲऱࢤΔ܂ၞޏቃྒྷ։ᣊߓอऱەΖءᆏಘᓵऱآव೯ဲץਔෲྒྷᙑᎄऱآव೯

ဲፖߓอྤऄऱآव೯ဲΖ 

6.1.1 ෲྒྷᙑᎄհآव೯ဲ։࣫ 
։ױऱംᠲΔߪءԫຝٝᇷறڶव೯ဲխΔآऄෲྒྷᙑᎄऱۿଚኔᎾᨠኘઌݺڇ

ࠟᣊΖԫΕբဲნ֏ऱဲΖԲΕᑑಖڶጊംऱဲნΔױߠ। 8խऱࠏΖ 

ෲྒྷᙑᎄऱࠏለߠߔऱဲΔڕΚٽसΕխߵፖᏍ݂Ζᇠဲნྤऄൕဲნऱ

ലຍᣊဲნڤऱဲნऱᇞެֱࢤլࠠრຘࣔࠄΔຍࠐᇠဲნऱრᆠנ։ᨠኘګګิ

ᄅᏺԵࠢխΖࠡڻᑑಖڶጊംऱဲნΔڕΚψؚᄉωᑑಖ VC ᣊΔຍဲࠄნऱᑑ
ಖױ౨றխऱᙑᎄΖ 

। 8. ෲྒྷ࣠ 

ຒ༼ϯຒ༼ 

Ȑόڀᇟཀܴ܄ȑ 

҂ޕຒ ຒᜪ 

ӝޘ VA 

ύٕ VA 

ር֢ VH 

Ԗᅪୢຒ༼ 

Ѻཀྵ VC 

ᆀऍ VC 

 VC ً

ޔ VC 

6.1.2 ྤऄհآव೯ဲ 
ਢྤ܀Δဲۿઌࠩބ։ᑇΔۿव೯ဲࠟᣊΚԫΕྤઌآଚലլ౨ऱݺ। 9խڇ
ऄૠጩઌۿ৫ΖԲΕྤઌဲۿნΔᙄऄڇಝᒭறխࠩބઌဲۿΖ 
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। 9. ྤऄቃྒྷ։ᣊऱآव೯ဲ։ᣊ 

ค࣬՟ϩኧ ውဍଆٰǵεਊ౽ǵ،യॄǵډࠟޔǵ㚂ǵᎵᚈझǵεວൂǵΠݨᗙǵ

ϲډǵଆଚ੶ǵεԏआǵξΠੇǵᬉฅఽΠǵၯЋӳ໕ǵ༼ډǵᘜٳ

 ډ

ค࣬՟ᜏ༼ ᑷᅟλٖǵၯ࠼ӵᙃǵጸ㗘ǵዉฅఽΠǵџӡǵ܊ࢰᕀǵӞႫസىǵξ

ΠੇǵፓԿǵ݊ ᡀࠟࡸǵ∈∈၉ǵ҇ᘜЈǵլρፄᘶ 

ྤऄૠጩઌۿ։ᑇऱ࣍ڇڂवጻگڶᙕᇠآव೯ဲิګऱဲഗΔ༉ጩڶઌဲۿ

Ոྤऄૠጩઌۿ৫ΖڕΚψᲩྥෝՀω༈ࠟࠩބଡઌဲۿ---ψᲩྥዠωፖψᲩྥࣸωΖ
 ឰψᲩྥෝՀωऱဲᣊΖܒԱྤऄګ৫ΔທۿਢΔψෝՀωፖψዠωྤऄૠጩઌ܀

ڇ 4.5.3 ᆏऱࠟଡኔ᧭խΔᨠኘࠩᅝಝᒭறႛآव೯ဲழΔڇԼڻऱኔ᧭խؓ
݁પڶ 64.7ଡآव೯ဲྤऄᙃᢝΔ܀ᅝಝᒭறऱᑇၦᏺՕழΔլ౨ऱ೯ဲᑇၦঁ
Ա܅૾݁ؓ 7.7ଡΖ 

। 10. ྤऄհآव೯ဲᑇၦ᧢֏ 

૽ግᇟ όૈೀຒޑኧໆȐؒԖ࣬՟ٯηȑ 

҂ޕຒ 64.7 

҂ޕຒɠӷ7.7 ڂ 

 ྤऄࠩބઌۿნऱآव೯ဲՕڍ VHᣊऱګΔڕΚψᘗዿ՛߶ωΖຍԫᣊऱ
 ᙕࠢΖگव೯ဲֱऄآ

6.2 ற։࣫ 
वဲऱֱऄΖآ࠷ࢼᆠፖࡳवဲऱآऱᐙΖԫΕګኔ᧭ທء࣍ଚಘᓵԿଡறംᠲኙݺ

ԲΕխઔೃؓᘝறխᑑಖऱԫીࢤΖԿΕवጻࡳᆠᆠᑇၦΖ 

 वဲऱֱऄآ࠷ࢼᆠፖࡳवဲآ 6.2.1
آ֮ءംᠲΖଈ٣Δࠄऱԫسࢬव೯ဲآऱࠐנ࠷ࢼᆠፖࡳवဲऱآᆏಘᓵءڇଚݺ

वဲऱࡳᆠլࠢڗ࣍ڇژխऱნΔࠀآवဲᚨࠠڶრຘࣔࢤΔݺܛଚאױ

ൕ૿ڗՂࠩᇠნऱრΔ܀ਢݺڇଚگࢬႃऱآव೯ဲխΔڶԫ՛ຝ։ࠀլ᥆࣍ຍ

ጟᣊীΔڕࠏΚխऱ(ԫᒢխऱ)Ε᩵ᗰΕٻ᠑ΕᠦװΕ⢞ଆΕ⧷៥Ε╃ᙩΕΖݺ
ଚᎁᇞެຍຝ։ნ່ړऱֱऄ༉ਢലຍԫᣊীऱნ٤ຝگᙕࠢڗխΖ 

6.2.2 խઔೃؓᘝறᑑಖऱԫીࢤ 
ଚৰᣄലຍԫຝٝऱறូݺᑑಖլอԫऱွΔຍᨃڶଚᨠኘಝᒭறխΔ࿇ݺڇ

۶ٚנऱᓵΔڕࠏΚψV+լԱωຍጟዌΔڇ V᥆೯܂೯ဲऱൣउՀΔݺଚ࿇ڶ
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ຝ։ऱᑑಖԳലψV+լԱωຍጟዌऱ೯ဲᑑಖګ VऱᣊܑΔܛս᥆೯܂೯ဲΙ؆
ࣂΔψڕࠏΖ᧢ޏԫଡणኪ೯ဲΔᓵցዌ։ᣊլګຝ։ऱԳঞലψV+լԱωᑑಖڶ
ᖒլԱωᑑಖ VJ ᣊ(णኪᎏ೯ဲ)ΔψॴᖒլԱωᑑಖ VC ᣊ(೯܂ᎏ೯ဲ)Δ܀
ψࣂᖒωፖψॴᖒωڇխઔೃဲ՛ิဲवᢝࠢխऱဲᣊઃ᥆ VCᣊ(೯܂ᎏ೯ဲ)Ζ 

ਢ܀ᖞଡ೯ဲणኪ֏Δࠌଚංྒྷຍᑌऱᑑಖֱऄਢຝ։ᑑಖԳᎁψլԱωᄎݺ

լᄎޏ᧢ᖞଡ೯ဲऱᓵցዌΔڼڂᑑಖԳലຍᑌऱิٽղणኪ೯ဲΔۖ؆ԫຝ

։ԳᎁףՂψլԱω৵Δࠀլᄎᐙᖞଡ೯ဲऱ೯܂ፖणኪऱ։ᣊΔঞղᇠ verbi

٣ऱ։ᣊΖ 

ڂঞΖᑑಖլԫીऱנଚྤऄൕխࣔᒔऱូݺᑑಖঞऱլอԫΔ࣍ط 
ᖞፖᑑಖᙑᎄΔۖಝᒭறխნݙᆠፖᑑಖԳղᑑಖழऱլڍऱߪءნဲ࣍۞ࠐ

ᑑಖإᒔፖܡᄎऴ൷ऱᐙࠩઌဲۿऄऱإᒔΖឈྥݺଚᎁຍᣊীऱნऱᒔৰᣄ

ڶࢬඨᑑಖԳലݦᆠΔঞڍଡอԫऱঞΔૉຍᣊীऱᑑಖڶඨݦ܀։ᣊΔࡳެװ

ऱᑑಖΖࢤΔլႛႛਢᑑಖࠡխԫጟဲᣊΔലຍጟᣊীऱნղԫીנ౨ऱဲᣊᑑಖױ

խઔೃؓᘝறխऱဲޏଥޡಘᓵΔዿ৵ၞԫנ༽৫ऱᨠኘፖߡຍଡط៶ඨݦଚՈݺ

ᣊᑑಖΔࠌறᑑಖޓԫીΖ 

6.2.3 वጻ೯ဲࡳᆠᆠᑇၦ 
ൕ। 11 խױᨠኘࠩڇवጻխଡၲဲࢤ࣋ნऱဲᣊᖑڶᆠᑇၦऱֺࠏΖ75%ऱ೯
ဲႛࠠڶԫଡᆠΔຍጟൣݮլشࠌ࣍ܓᆠፖڻᆠࠐૠጩဲნઌۿ৫ऱֱ

ऄΔڂՕຝ։ऱဲნຟႛࠠڶԫଡᆠΔ୲࣐ທٵګᆠဲऱขسΔਢᆠ

ઌٵΔઌۿ৫ױܛሒ່ࠩऱઌۿ։ᑇΔຍᑌࠌૠጩრऱֱऄ᧢ऱլড়ᨠΔլ࣐

ܑ२ᆠဲऱ၏ᠦΖ 

। 11. वጻխၲဲࢤ࣋ᣊᖑڶᆠᑇၦ։। 

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܂ 

ឰܒऱଡࠟګ։ױឰ೯ဲऱ։ᣊΖଈ٣Δঞऄܒࠐऄۿঞऄፖઌشܓᓵ֮խء

Κ૨ഏψ֏ωڕ։ᣊΔࠡࡳެڗऱᣂګव೯ဲऱิآᅃࠉΖԫΕڤֱ VHCᣊΖԲΕ
ΚؓؓᙩᙩΙψababωڕ։ᣊΔψaabbωऱნणኪᣊΔࠡࡳެٽิګव೯ဲऱዌآᅃࠉ
آΔૠጩဲۿव೯ဲऱઌآބऄঞ༈ۿΔઌڻΚᄷໂᄷໂΖࠡڕᣊΔ܂ऱნ೯ٽิ
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व೯ဲፖઌဲۿհၴऱઌۿ৫Δ٦ലຍࠄઌࠉဲۿᅃဲᣊ։ิΖൕޢଡဲᣊᅝխנ࠷ K
ଡઌࠐנဲۿΔലຍࠄઌဲۿऱ։ᑇղ݁ؓאΔࠩآव೯ဲࠩޢଡဲᣊऱؓ݁၏ᠦΔ

ᒔإऄऱۿঞऄፖઌٽፖࠡ၏ᠦ່ઌ२ऱဲᣊΖܛव೯ဲऱဲᣊآ 70.80%Ζ 

։࣫ෲྒྷᙑᎄऱآव೯ဲխΔຝ։ऱნֺለߠߔऱࢨဲشਢբᆖဲნ֏ऱဲ

Δݺଚ৬ᤜലຍԫຝ։ऱآवဲگᙕࠢڗ࣍խΖࠡڻΔലຝ։ྤऄቃྒྷ։ᣊऱآवဲ

ᙕნگፖवጻڍଚՈཚৱᅝಝᒭறᏺݺΔ؆ψᘗዿ՛߶ωΖګڕᙕࠢխΔگ

ᏺڍழΔאױ؆ԫຝٝؾছྤऄࠩઌۿ։ᑇྤࢨऄ༈ࠩބઌဲۿऱآवဲΖ 

ઌۿऄ୲ࠩ࠹࣐றխᙑᎄಛஒऱեឫΔڼڂխઔೃؓᘝறխᑑಖऱլԫીࢤ

ፖຝ։ნߪءऱᑓᒫࢤຟᐙࠩݺଚآव೯ဲ۞೯։ᣊऱإᒔΖ؆Δشࠌवጻऱ

ဲნࡳᆠᆠᑇၦլڍՈᐙࠩݺଚૠጩဲნઌۿ৫Ζ 

౨ജڤඨխઔೃؓᘝறխᑑಖլԫીऱறፖᑑಖᑓᒫறऱֱݦଚݺ

ࠩޏΔՈཚৱޏ৵ऱ࣠౨ജᐙݺଚ೯ဲ։ᣊߓอऱய౨Ζ 
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Ոאױቃྒྷრፖዌ։ᣊΖᅝࠟଡნઌۿ৫ழΔ।قຍࠟଡნऱဲᣊΕრᣊ

ፖዌؘࡳઌۿΔشܓڼڂઌۿऄլႛאױቃྒྷآवဲऱ։ᣊΔՈאױᚥآܗवဲ܂

რՂऱ۞೯։ᣊΔലآवဲፖբڇژऱဲნრጻሁߓอ܂ຑΖאઌۿऄቃྒྷآवဲ

ऱဲᣊΕრᣊፖዌլႛኙឰဲᑑಖߓอܓڶΔՈലױᚨהࠡࠩش۞ྥߢऱߓอՂΖ 
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 ᒵߕ

। 12. խઔೃဲ՛ิဲᣊᑑಖ [1993] 

ຒᜪ ᇥܴ ຒᜪ ᇥܴ 

A ߚᒏຒ Neu ኧໆۓຒ 

Caa ჹೱௗຒ Nf ໆຒ 

Cab ೱௗຒ Ng ࡕຒ 

Cba ೱௗຒ Nh жӜຒ 

Cbb ᜢᖄೱௗຒ P ϟຒ 

D ୋຒ SHI ࢂ 

Da ኧໆୋຒ T ᇟշຒ 

DE ޑǵϐǵளǵӦ VA բόϷނຒ 

Dfa ຒำࡋୋຒ VAC բ٬ຒ 

Dfa ຒࡕำࡋୋຒ VB բᜪϷނຒ 

Di ਔᄊ VC բϷނຒ 

Dk ѡୋຒ VCL բϷނຒɠӦБᇯᇟ

FW ѦЎ VD բᚈᇯຒ 

I གຒ VE բѡᇯຒ 

Na ද೯Ӝຒ VF բᒏᇯຒ 

Nb ԖӜຒ VG ϩᜪຒ 

Nc ӦБຒ VH ރᄊόϷނຒ 

Ncd Տຒ VHC ރᄊ٬ຒ 

Nd ਔ໔ຒ VI ރᄊ ᜪϷނຒ 

Nep ۓࡰжຒ VJ ރᄊϷނຒ 

Neqa ኧໆۓຒ VK ރᄊѡᇯຒ 

Neqb ࡕኧໆۓຒ VL ރᄊᒏᇯຒ 

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᧢֏।ΰಝᒭறآव೯ဲα 

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᧢֏।ΰಝᒭறآव೯ဲα 

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 

 
 
 
 
 
 
 



 

 

28                མᐝᤲ 

 
 



 

 

 29 

Computational Linguistics and Chinese Language Processing 

Vol. 7, No. 1, February 2002, pp. 29-46 

 The Association for Computational Linguistics and Chinese Language Processing.  

Word Sense Disambiguation and Sense-Based NV Event 
Frame Identifier 

Jia-Lin Tsai*, Wen-Lian Hsu and Jeng-Woei Su 

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. 
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“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 



 

 

       Word Sense Disambiguation and Sense-Based NV Event Frame Identifier       37 

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.”  

 



 

 

38                J. L. Tsai et al. 

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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A Study of Semantic Disambiguation Based on HowNet  

 
ᄘᖠ*, ޕഘટ* 

Yang Xiaofeng, Li Tangqiu 

ኴ     

πवጻρ㻽אԱᖲᕴխऄ։࣫ऱԫጟᆠඈࣴᑓীΔᇠᑓীנ༽֮ء

ᆠवᢝᄭΖπवጻρਢԫଡאዧࡉऱဲזࢬ।ऱᄗ࢚㻽༴૪ढٙΔ

փ୲ऱൄᢝءհၴऱᣂএ㻽ഗࢤऱ᥆ڶࠠࢬ࢚ᄗ֗אհၴ࢚ፖᄗ࢚ᄗق༿א

वᢝ,،㻽ݺଚऱඈࣴ༼ࠎԱ᠆༄ऱᆠᇷಛΖඈࣴᑓীٽԱഗ࣍ঞ֗
ഗ࣍อૠऱֱऄΔᚨ࣍ش։࣫ࢬ㶷سऱխၴዌխΔൕϘᚌᙇϙऱߡ৫ၞ۩ဲ

ᆠ֗ዌऱඈࣴΖ 

ඈࣴᑓীଈشܓ٣Օᑓऱறᛧ࠷ᆠऱٵႃٽΔᇠற۶ٚ۩ၞآ

ऱᆠᑑΔڼڂᛧ࠷መ࿓ਢྤਐᖄऱΖྥ৵،ᖕ᠏ངᑓࣨዌທנᆠऱ

ᆠૻࠫঞΖπवጻρխऱဲᆠႈطᆠิګΔᆠႈऱᆠૻࠫঞطאױ

ࠡዌګᆠऱᆠঞࠩΖ 

࣍طଡኔᆠဲऱՂՀ֮ઌᣂဲႃΖޢᙁԵऱࡳଚଈ٣ᒔݺᆠඈࣴၸΔڇ

ኔᆠဲऱᆠᣂএڇኙᅝছऱऄዌᒔဲٺ֗ࡳဲᆠऱᙇᖗದထઌ

ᅝૹऱش܂ΔݺଚኙԫଡऱေᏝ༉৬ڇمኙᇠխኔᆠဲऱေᏝഗ៕հ

ՂΖဲނऱᅝছՂՀ֮ઌᣂဲႃፖဲٺᆠႈऱૻࠫঞࢬ༴૪ᆠᐛᇷ

ಛၞ۩ֺለΔᖕֺለऱઌۿ৫ᙇᖗ່ٽᔞऱᆠႈΖٵழലઌۿ৫ऱ່Օଖ܂

㻽ᇠဲऱေᏝଖΖխၴ։࣫࣠խٺኔᆠဲऱေᏝ։ଖګאױ㻽ေᏝڼխၴ

࣠ऱࠉᖕΔڍڇڼאଡխၴዌխᙇࠋ່נऱ࣠ΖຍᑌΔݺଚڇᇞެဲᆠ

ࣴᆠऱഗ៕ՂٵழՈᇞެԱዌࣴᆠΖ 

ऱྒྷᇢࠏ᧭ኔΖኔچ᧯อխࠠߓᖲᕴڇऱᆠඈࣴᑓীբנ༽ࢬ֮ء

।ࣔᇠඈࣴᑓীኙᇞެऄ։࣫խऱნࣴᆠΕዌࣴᆠਢڶயऱΔࠀᚌ࣍

ႚอऱ YES/NOTऱֱऄΖ 
                                                 
* ლ॰ՕᖂૠጩᖲߓΔლ॰Δ�������

Department of Computer Science, Xiamen University, Xiamen ,361005 
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Աൕנ១տฯԱπवጻρΖྥ৵ࠀ৸უΔԱඈࣴᑓীऱנ༽ଈ٣֮ء

றխ࠷ࢼᆠٵᇷಛ֗ലࠡ᠏֏ګᆠૻࠫঞऱֱऄΖ൷ထ֮ີᇡา

տฯԱඈࣴዝጩऄΔץਔዌ৬ՂՀ֮ઌᣂဲႃΔᆠၴΕᆠঞࡉՂՀ֮ဲ

ႃၴऱઌۿ৫ૠጩΖ່৵֮ີנԱᑓীऱᇢ᧭ኔࠏ࣠Ζ 

ᣂڗ: ᆠඈࣴΕवጻΕխၴߢΕઌۿ৫ΕᑓڤΕறΕᆠૻࠫ
ঞΕᆠᛩቼ 

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 

 ։࣫ऱࣴᆠᇞംᠲء֮ 1.1

ࣴᆠਢ۞ྥߢխཏሙڇژऱွΖࠡઔױߒಳᄩ۟ݦײᢊழཚऱࠅ㠪ཎڍᐚΔڇהπՠ

ࠠᓵΘ᠄ᒧρխ༉൶ಘԱ۞ྥߢऱࣴᆠംᠲΖ1930ڣΔཏཤ(W.Empson)࿇।Աπࣴ
ᆠऱԮጟᣊীρ(Seven Types of Ambiguity)ԫΔၲࡨൕߢᓵऱߡ৫ઔࣴߒᆠംᠲΖ
ઝۦ(J.G.Kooij)࣍ ߓऱࣴᆠၞԵԱߢऱࣴᆠρঞᑑထ۞ྥߢ࿇।ऱπ۞ྥڣ1971
อ֏ऱઔߒၸΖڇזߢᖂऱ࿇୶ՂΔϘࣴᆠംᠲ᜔ਢګ㻽ਬଡᄅऱߢᖂഹ

ದழٻႚอೄၞچᚰऱડధՑϙ[࠸ܨྉ 1984, ႑ݳ 1995] 

ࣴᆠ༉ਢٵԫڤݮፖլٵऱრᆠ㶷سᜤᢀΖڇ۞ྥߢխΔࣴᆠਢԫଡլ౨ڃ

ᝩۖՈྤऄڃᝩऱംᠲΔ،ګ㻽۞ྥߢऱ۞೯։࣫ऱ؎ՕᎽᡶհԫΖ 

ዧऱࣴᆠԫאױ։㻽אՀࠟጟᣊী[႑ݳ 1995, ਞऄ ]Κ 
ʻ˄ʼʳ ဲऱڍᆠΔԾጠნࣴᆠΔٵܛԫဲױ౨ࠠڍڶଡլٵऱᆠႈΙڕϘؚϙԫဲ

ऱრᆠΙʳٵլڶഗϙΕϘؚԳϙխ༉چϙΕϘؚϙΕϘؚϙΕϘؚڗϘؚڇ

(2) ऱݮٵฆዌΔԾጠዌࣴᆠΔٵܛጟิٽথܶڶլٵऱऄפ౨ዌΖڕ
ϘVP+ऱ+ਢ+NPϙ༉ਢԫଡࣴڶᆠऱዌΚ 
Ϙފዝऱਢԫଡዝϙ 
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ຍᇩאױᇞ㻽ϘԫଡዝފዝԱᏣխਬଡۥߡϙ(Ϙފዝऱϙਢਜࠃ)ΔՈאױ
ᇞ㻽Ϙފዝګԫଡዝϙ(Ϙފዝऱϙऱਢࠃ࠹)Ζ 

ᝫڶϘN1+N2+N3ϙΔאױᇞ㻽((N1+N2)+N3)ΔՈאױᇞ㻽(N1+(N2+N3))Ζ
ຍᣊऱࣴᆠዌڇዧխڶৰڍΔ،ԫऴਢऄᖂ୮ઔߒऱᑷរംᠲΖ 

ጟऱᙇᖗΔۖዌࣴᆠ।㻽ऄ։࣫ڍڶᖲᕴխΔნࣴᆠ।㻽֮ᄎڇ

խΔԫଡဲׂࢨױ౨ᄎ㶷سԫଡאՂዌլٵऱ։࣫࣠Ζ 

ࣴᆠڇࡳऱᆠ֗ൄᢝՀΔࠀլԫࡳຟ౨ജمګΔڇڕࠏϘؚϙխΔᖕϘؚϙ

ऱࠃ࠹ढٙݺଚאױवሐϘؚϙ౨ᙇᖗϘPlayϙऱ֮ΙۖڇϘ֘ኙऱਢᖏञϙխΔ
ᆠवᢝٽΖೈຍᣊլฤ᧯ࠃ౨ਢਜױլۖ᧯ࠃ࠹वሐϘᖏञϙਢ֘ኙऱאױଚՈݺ

ऱࣴᆠመ࿓ጠ㻽ࣴᆠऱᇞΔՈጠඈࣴΖݺଚڇᖲᕴऱऄ։࣫መ࿓խΔؘႊ֧

Եᆠऱवᢝթ౨ജࣴګݙچړޓᆠऱ۞೯ᇞΖ 

1.2ʳ ࣴᆠᇞऱֱऄ 

ࣴᆠೈऱֱऄڍጟڍᑌΔڶऱֱऄڇნၦΕဲऄዌࡉীՂኙᄭၞء֮ߢ۩ૻ

Δࠫൕۖᝩ܍Օڍᑇऱ։࣫֗ᙇဲՂऱࣴᆠΙࠄڶᖂृ༼شܓנᆠᣂᜤጻၞ۩ඈࣴ[Dan 
Roth 1998]ΙᝫڶऱઔߒԳቫᇢԱഗ࣍ᖂऱ۞೯ֱࣴऄΔڕ DAN ROTH شࠌ
Winnowᖂֱऄၞࠐ۩ᐊீإΕறᑑࣹ[᎓ᥳ૨  2000]Ζ૿ছؑՂੌ۩ऱϘႁ
ॾ CATዧᠨٻߓอϙΔঞආشԱ֪شյ೯ڤֱࣴऄΔᨃ֪ش۞աࡳެࠐዌ֗
ဲऱᙇᖗΖ 

ნࣴਢዌࣴऱഗ៕ΖՕڍᑇऱඈֱࣴऄຟਢڍאᆠဲऱဲᆠඈࣴ㻽֊Ե

រΖΕΕᒧີຟਢ່طഗءऱဲዌګΔ࣠ڕԫଡऄዌխऱဲრᆠࡸ

լ౨ᒔࡳΔᖞଡዌऱრᆠऱྤޓ༼ނൕᓫದԱΖٵழΔဲᆠᙇᖗᏁߩജڍऱᆠव

ᢝ֗ՂՀ֮वᢝΔۖຍࠄवᢝՈ㻽ၞԫޡᇞެዌࣴᆠംᠲ༼ࠎԱړߜऱࠉᖕΖ֮ءऱ

ઔߒՈਢൕဲᆠࣴԵ֫Δဲڇᆠࣴऱመ࿓խၞ۩ዌऱࣴΖ 

ဲᆠֱࣴऄ։㻽ԿᣊΚഗ࣍ AI ऱֱऄΔഗ࣍वᢝऱֱऄΔഗ࣍றऱֱऄΖ
ਊဲᆠࣴऱཕᐝ࿓৫Ծױ։㻽ڶਐᖄፖྤਐᖄऱֱऄ[Wilks et al. 1998, Philip et al., 
ᇀࣟ ]Ζ 

ഗ࣍ $,ऱֱऄץਔฤᇆᆠֱऄࡉຑ൷ᆠֱऄΖشܓڕ壀ᆖጻሁၞ۩ဲᆠ

ᙇᖗ�&ROOLQV�ΖຍᣊऱֱऄڇኔᎾՂኙߢᇞࠀլኔشΖ�

ഗ࣍वᢝऱֱऄץਔഗ࣍ᆠᣊဲᣊဲࠢࡉഗ࣍ঞऱֱऄΖছृऱז।㻽۫ఄ

᠏ངऱᖲ࣍ഗڇയ৫ऱဲᆠֱࣴऄΖۖ৵ृঞ࢚ᄗشऱᚨנ༽WordNet࣍ഗृߒઔ׃
ᕴߓอխᐖऑشࠌچΔڕWilks༼נऱᚨشᙇᖗૻࠫဲࠐᆠࣴΖ 

ഗ࣍றऱֱऄ։㻽ഗ࣍อૠࡉഗ࣍ኔࠏऱࠟጟֱऄΖഗ࣍อૠऱֱऄᆖൄอૠ

ဲፖဲΕဲᆠፖဲᆠऱჸΔشܓჸೈࣴᆠΖഗ࣍ኔࠏऱֱऄਢᖕᙁԵፖኔࠏ
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ऱઌۿ৫ૠጩࠐᙇᖗ່ࠋऱΖຍᣊֱऄխֺለפګऱߓอڶᄅࡕףऱ

LEXAS(Hwee)Ζ 

ऱΔՕศ৫ऱवࡳᒔچړৰאױवᢝऱֱऄ࣍ᚌរΖഗࠡڶٺՂऱֱऄא

ᢝΔᆠࡉऄऱवᢝֺለ᠆༄Δ܀ຍࠄवᢝຏൄطറ୮ิ៣ΔڶڼڂৰՕऱᨠࢤΔ

چړለאױอૠऱֱऄ࣍ኔΙۖഗچړৰאຟᣄࢤໂݙΕࢤךΕឩࢤवᢝऱԫીࠀ

ߢխऱլᒔࡳऱΕ՛ศ৫ऱवᢝΔᨋړࢤΔ܀থᣄ֘אਠ۞ྥߢխࠠڶཏሙ

 ᆠवᢝΖࡉ৳ऱऄࢤ

 ܂ՠऱ֮ء1.3

யऱဲᆠࣴΔڶ۩۶֧Եᆠवᢝၞڕ։࣫խءᖲᕴऱ֮ڇᑑਢؾߒઔ֮ء

ၞԫၞޡ۩ዌࣴΖڇᓰᠲऱઔߒመ࿓խΔ֮ءאڇՀ༓ଡֱ૿ၞ۩Ա൶ಘΚ 

1Κشܓπवጻρ㻽ᆠवᢝᄭΔൕπवጻρխؘנ࠷ࢼऱᆠᇷಛΔࠀലհ᠏
 ዌΖقอኔऱ।ߓ㻽ֱঁګ֏

2Κൕഗ࣍ᚌᙇऱߡ৫ኙ։࣫ګسऱխၴၞߢ۩ඈࣴΖشܓ٣֮ءՕᑓऱ
றᛧ࠷ᆠऱٵႃٽΔࠀᖕ᠏ངᑓࣨዌທנᆠऱॣࠫૻࡨঞΔ٦ຏመ֫ՠ

ऱֱڤኙॣࡨঞၞ۩ଥޏፖᓳᖞΔאࠩԫଡለݙऱঞႃΖᆠႈऱᆠૻࠫঞ

ऱᆠᛩڇࢬᆠऱᆠঞࠩΖඈࣴዝጩऄലᆠႈऱᆠঞፖᆠႈګዌࠡطאױ

ቼၞ۩ઌۿ৫ऱૠጩΔࠀᖕૠጩ࣠ၞ۩ᆠႈᙇᖗࡉዌऱᆠჸऱေᏝΔൕۖၞ

۩ဲᆠඈࣴፖዌඈࣴΖנ༽֮ءԱຍጟඈֱࣴऄऱᇡาዝጩऄፖኔޡᨏΖ 

3ΚലՂ૪ऱ৸უ֗ዝጩऄڇᖲᕴߓอխࠠ᧯چኔΖ 

 อዌፖഗ៕वᢝߓ .2

 อዌ༴૪ߓ 2.1

ዌࣴऱᣄ৫ৰՕΔٺጟٺᑌऱࣴᆠዌᝫڶৱऄᖂ୮ऱၞԫޡ࿇ፖ᜔Ζۖ

ნࣴਢዌࣴऱഗ៕ΖΕΕᒧີຟਢ່طഗءऱဲዌګΔ࣠ڕԫଡऄ

ዌխऱဲრᆠࡸլ౨ᒔࡳΔᖞଡዌऱრᆠ༉ྤऄނ༽ΔඈࣴঞྤޓൕᓫದԱΖ

ᇞެዌޡवᢝՈ㻽ၞԫࠄऱᆠवᢝ֗ՂՀ֮वᢝΔۖຍڍജߩழΔဲᆠᙇᖗᏁٵ

ࣴᆠംᠲ༼ࠎԱړߜऱࠉᖕΖ֮ءխᆠඈࣴᑓীऱਐᖄ৸უ༉ਢଈ٣ᇞެڍᆠဲऱ

ნࣴᆠΔྥ৵ڼڇഗ៕հՂၞ۩ዌࣴᆠऱᇞΖ㻽֮ءڼխ༼נԱԫጟᆠඈࣴऱᑓ

ীΔᇠᑓীאπवጻρ㻽ᆠᇷᄭΔאϘᚌᙇϙऱֱऄࠐኔဲᆠፖዌऱࣴΖ 

ϘᚌᙇϙሎشՊ։࣫ګسࢬխၴߢխΔຍጟֱऄဲނऱᅝছቼፖဲٺᆠႈ

ऱૻࠫঞࢬ༴૪ᆠᐛᇷಛၞ۩ֺለΔᖕֺለऱઌۿ৫ᙇᖗ່ٽᔞऱᆠႈΖٵழ

ലઌۿ৫ऱ່Օଖ܂㻽ᇠဲऱေᏝଖΖխၴ։࣫࣠խٺኔᆠဲऱေᏝ։ଖګאױ㻽
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ေᏝڼխၴ࣠ऱࠉᖕΔڍڇڼאଡխၴዌխᙇࠋ່נऱ ΰࣹ࣠რ֮ءխ༼ࠩऱϘ່

إਢኔᎾ᜔ࡳլԫࠀຍ܀ऱᇞΔړᅝছዝጩऄՀ່ڇऱΔਢߢዝጩऄۖ࣍ϙຟਢઌኙࠋ

ᒔऱᇞαΖຍᑌΔݺଚڇᇞެဲᆠࣴᆠऱഗ៕ՂٵழՈᇞެԱዌࣴᆠΖϘᚌᙇϙඈࣴ

ലഗ࣍ঞፖഗ࣍อૠऱඈֱࣴऄઌٽΔඈࣴխشࠌࢬऱᆠႈૻࠫঞऱᛧֱ࠷ऄਢ

ൕՕᑓऱறխอૠנᆠऱٵႃٽΔ٦ਊԫࡳऱ᠏ངᑓࣨת۞೯ګسچऱΖࠌ

 ၦΖ܂ՕՕ྇֟֫ՠᒳࠫঞऱՠאױຍጟֱऄش

ቹ ᆠඈࣴᑓิऱဲڶ2.1ܶ PARSINGੌ࿓ 

ቹڕ࿓ੌ܂อ։࣫ຝ։ऱՠߓᆠඈࣴᑓิऱዧᖲဲڶܶ  Ζقࢬ2.1

2.2 πवጻρտฯ 

πवጻρ(֮ټጠ HowNet)ਢࠡ໌৬Գᇀࣟس٣क़၄ማԼڣઔۨ֨ߒऱૹګ Ζ࣠πव

ጻρਢԫଡאዧࡉऱဲזࢬ।ऱᄗ࢚㻽༴૪ढٙΔא༿قᄗ࢚ፖᄗ࢚հၴ֗א

ᄗڶࠠࢬ࢚ऱ᥆ࢤհၴऱᣂএ㻽ഗءփ୲ऱൄᢝवᢝΔ،ਢԫଡጻणऱڶᖲऱवᢝߓ

อ[ޕ௩  1999]Ζ 

ᆠဲࠢਢवጻߓอऱഗ៕֮ٙΖڇຍଡ֮ٙխޢԫଡဲᆠႈऱᄗ࢚ࠡ֗༴૪ݮ

ܶץԫଡಖᙕຟޢऱߢԫጟޢዧᠨऱಖᙕΔࠎ༽ছဲࠢխؾԫଡಖᙕΖګ 4
ႈփ୲Ζࠡխޢԫႈຟࠟطຝ։ิګΔխၴאϘ=ϙ։ሶΖޢԫଡϘ=ϙऱؐೡਢᇷறऱ
 ՀΚڕೡਢᇷறऱଖΖ،ଚඈ٨׳ጠΔټ౨᧢ᑇפ

NO.=  ဲࢨݧᇆ 

�
ᙁԵ ΰᆖ։ဲα

່ᚌऱ։࣫࣠

ဲᆠᑑࣹΔዌᓳᖞ

խၴߢ 

ૠጩေᏝ։ଖ 

ၞ۩ऄ։࣫

ற 

 ᙮৫อૠٵ

ᆠٵႃٽ 

ᆠঞ ᠏ངᑓࣨ 

वጻ 
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>:B; �ဲࢨ�

G_X= ဲࢨऱဲࢤ 
E_X= ဲࢨऱࠏ]+ 
DEF= ᄗࡳ࢚ᆠ 
ࠡխऱW_XΕG_XΕE_XዌޢګጟߢऱಖᙕΔXאش༴૪ಖᙕזࢬ।ጟΔX㻽

Cঞ㻽ዧΔ㻽 Eঞ㻽Ζޢଡဲط DEFࠐ༴૪ࠡᄗࡳ࢚ᆠΔDEFऱଖطૉեଡᆠ
֗،ଚፖიဲհၴऱᆠᣂএ༴૪ิګΖᆠਢवጻխ່ഗءऱΕլ٦࣐࣍։໊ऱ

რᆠऱ່՛ۯΔवጻຏመኙપքՏଡዧە۩ၞڗኘࡉ։࣫࠷ࢼࠐԱ 800 ࠀଡᆠΔڍ
᜔Աڕຝ։Ε᧯Εড়᧯Εൕ᥆Εழ़ΕޗறૉեጟᆠၴऱᆠᣂএΔຍࠄᣂএ

ࠄຍނଚݺڼڂΔق।ࠐϘ%ϙΕϘ@ϙΕϘ$ϙઌኙᚨฤᇆڕףᆠছॵشवጻխڇ
ᆠᣂএጠհᆠऱڗଈᆠᣂএΔۖኙᚨऱฤᇆ㻽ᆠऱڗଈᆠᣂএฤΖຍࠄฤᇆ

ऱრᆠڇπवጻρխڶᇡาऱࡳᆠᎅࣔΔ। 2.1 ٨ᜰԱנ֮ءऱԫڗࠄଈฤᇆ֗ࠡኙ
ᚨᆠᣂএΖࠠ᧯ऱฤᇆࡳᆠױ֮ 9Ζ 

। 2.1 ᆠऱຝ։ڗଈฤᇆ֗ࠡኙᚨᆠᣂএ 
�ଈฤᇆڗ ኙᚨऱᆠᣂএ�

�� ઌᣂ�

�� ຝ։�

�� �ڶࢬᑑΕؾΕࠃ࠹ऱٙࠃ

� �Ε᧯᧭ृΕՠࠠࠃऱਜٙࠃ

�� ᤖܶ�

	� ൕ᥆�

a� �ࢤ౨ױ

#� ழ़�

"� �றޗ

A� �ࡳܡ

Հ૿ݺଚڤݮش֏ऱࠐߢኙ DEFၞ۩ࡳᆠΚ 

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

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

ATOM = atom1|atom2|�…|atomk 

 ᆠΖࡳ۩ၞ࢚ऱٚ۶ဲᄗנᆠ֗ࠡᣂএᚨ౨ኙπवጻρխࠄຍڶࢬ

Հࠏਢ೯ဲϘؚϙ܂ϘؚϙᇞऱᆠႈࠢဲڇխऱࡳᆠΚ 
W_C=ؚ 
G_C=V 
E_C=~ጻΔ~ྨΔ~ટՏΔ~֜ᄕΔ~ৰཧ 
W_E=play 
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G_E=V 
E_E= 
DEF=exercise|ᒭ,sport|᧯ߛ 
ຏመ DEFऱࡳᆠאױवሐڇϘؚϙխϘؚϙࡉϘ᧯ߛϙፖϘᒭϙڶᣂΖ 

ԾڕࠏϘ૿ϙຍଡဲڕڶܶץՀࠟଡᆠႈΚ 
: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  

ೈԱᆠဲࠢ؆Δवጻᝫ༼ࠎԱᆠ։ᣊᖫΔ։ᣊᖫٺނଡᆠ֗،ଚհၴऱᜤᢀ

ຏመᆠ։ᣊᖫאױଚݺऱᣂএΖۯՂՀڶរऱᆠࠠ׀ԫದΔڇ៣ิڤݮᖫऱא

ૠጩᆠၴऱᆠ၏ᠦΖڇवጻխڇژ ENTITYΕEVENT༓ལ։ᣊᖫΔڕՀቹਢဲጻ
խ।ٙࠃقᆠᣂএऱ EVENT։ᣊᖫΚ 

ቹ 2.2  EVENTᆠ։ᣊᖫऱᖫዌ।ق 

वጻऱဲࠢء֮شऱֱڤঅژऱΔނ٣ࠃ،᠏ངߓঁֱګอኔऱڤΔەᐞࠩ

شอߓ LISP ኔΔشࠢဲނ֮ء।ऱࠐڤݮ।قΖဲයխೈ DEF ؆ऱႈຟ।ق㻽א
ᇠႈ㻽ଈۯցైऱ।Δۖ DEFႈࣈ։ګԫא٨ߓᆠᣂএ㻽ଈۯցైऱ।ΔDEF
խڶࢬऱࠠڶઌٵᆠᣂএऱᆠຟូ࣍ઌᚨऱ।խΖ࣠ڕᆠྤڗଈᆠᣂএΔױ

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|ढणኪ StateMental|壄壀णኪ 
�…�…

Grow|ګ९ exercise|ᅂ 

WhileAway|ၵ 

�…�… 

ActGeneral|ऑ೯ 
ActSpecific|ኔ೯ 

�…�… 
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3. ഗ࣍ᚌᙇऱဲᆠඈࣴ 

3.1Ϙᚌᙇϙዝጩऄऱ᜔᧯৸ሁ 

ᑑࣹऱՕآอૠऱֱऄൕشܓΖଈ٣ٽอૠऱඈֱࣴऄઌ࣍ঞፖഗ࣍ዝጩऄലഗء

ঞறխנ࠷ࢼᆠऱٵᆠᇷಛΔࠀᖕ᠏ངᑓࣨዌທנᆠऱॣࠫૻࡨ

ঞΔ٦ຏመ֫ՠऱֱڤኙॣࡨঞၞ۩ଥޏፖᓳᖞΔאࠩԫଡለݙऱঞႃΔᤉۖ

ᛧဲᆠႈऱᆠૻࠫঞΖڇኙԫଡխၴዌၞ۩ဲᆠඈࣴऱመ࿓խΔݺଚਊԫࡳ

ऱዝጩऄᒔဲٺࡳऱՂՀ֮ቼΔലᇠဲٺᆠႈऱૻࠫঞࠡࡉቼԫԫၞ۩ઌۿ

৫ֺለΔᖕֺለऱ࣠ᒔࡳ،֗ࠡቼխဲٺऱრᆠΖ່Օऱઌۿ৫܂ױᇠဲऱ

ေᏝଖΔۖխၴዌऱေᏝଖ༉ਢᖕࠡዌဲګऱေᏝଖૠጩࠩऱΖ່ڇ৵ऱዌ

ඈࣴխΔዝጩऄאေᏝଖՕ՛㻽ᚌᙇࠉᖕൕڍଡঀᙇऱխၴዌխਗנԫଡ່ᚌऱ

࣠ΖຍᑌݺଚڇᇞެဲᆠऱࣴऱٵழՈױᇞެዌऱࣴΖ 

3.2 ൕறխᛧ࠷ᆠऱٵႃٽ 

ߢᖂ୮ FIRTHڇኙဲᆠᙃᢝऱ༴૪խ༼נϘᨠࠡ۴ۖवࠡრϙ(You shall know a word 
by the company it keeps)Δהᎁ㻽Δဲऱრᆠ౨ڇՂՀ֮խթ౨אᙃᢝΖ࣠ڕԫଡ
ဲऱਬԫဲᆠڇறխנڻڍΔݺଚנࠡڇऱՂՀ֮խאױ࿇ਬဲࠄנ

ऱ᙮ৰΔۖຍဲࠄፖᇠဲᆠհၴڶထֺለയ֊ऱჸऱᣂএΖဲᆠطᆠዌګΔ

။യ֊ऱڶऱᆠՈፖᇠᆠڍᑇ။ڻנٵՂՀ֮խ٥ڇᆠࡳΔፖԫଡچᑌٵ

ᆠᣂᜤΔۖຍࠄऱჸᆠ༉אױ㻽ݺଚࠫࡳຍଡᆠऱᆠૻࠫঞ༼ࠎৰړऱە

܂ਢ೯ګዌ୲ဲऱݮ୲ဲऱဲᆠኙऱᆠᐙ່ՕΔۖ೯ဲΕݮᖕΖ೯ဲΕࠉ

ᣊᆠࡉ᥆ࢤଖ֗ᑇၦଖᣊᆠΔݺڼڂଚݦඨࠩຍࠟᣊᆠऱٵႃٽΖ 

ᆠ aऱٵႃࡳٽᆠ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 ᆠऱٵᄗΔڶܶܛ։ܑ a,b ᆠऱဲٵڇԫਐࡳՂՀ֮࿗Ց
խנऱױ౨ࢤΖATOMSETਢπवጻρխڶࢬᆠऱႃٽΖ 

ϘٵϙਢಾኙԫဲࡳᒤۖߢऱΔݺଚނຍԫᒤጠ㻽ՂՀ֮࿗ՑΔࠟ࣠ڕଡ

ᆠڇࢬऱဲٵڇԫՂՀ֮࿗ՑխנΔݺଚጠຍࠟଡᆠڇᅝছছ࿗ՑխϘٵ

ϙΖՂՀ֮࿗Ցऱ९৫ᙇ࠷Ոਢᐙࠩอૠ࣠ړᡏऱૹైڂΖ࿗Ցᙇ࠷֜՛Δ

ᆠઌᣂဲऱ၏ڤᓤᠧڍᙇᖗᅝছဲऱছ৵ԫࠟଡဲਢլജऱΔዧխऱڕࠏ

ᠦֺለ९Δڕ 

ϘԳՑཏऱᇷறኙഏ୮ࠫࡳ९ऱᆖᛎቤࠠڶԼ։ૹऱრᆠϙ 
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ሒڍϙΕϘრᆠϙΔ،ଚհၴઌၴऱဲᑇڶຍᇩு֨ဲਢϘᇷறϙΕϘࠠڇ 6ଡΖ
֘܀Աီ࿗ऱᒤۖլ౨อૠΖנ౨၌ױ࿗መ՛Δխऱᣂჸᇷಛ༉ৰီ࣠ڕ

հ࣠ڕ࿗Ցᙇᖗ֜ՕΔ࿗ՑփᄎܶڶመڍፖჸլઌᣂऱဲΔނ࣠ڕ،ଚຟၞ۩อૠΔ

Ոᄎᖄીอૠ࣠ऱլᄷᒔΖਊᅃԫऱᆖ᧭Δ֮ءᙇ࠷ऱ࿗ՑՕ՛㻽ছ৵ 7ଡဲ[ම୮
ᕐ 1999]Ζ 

㻽૾܅อૠᠧಛΔီ࿗փဲऱᙇᖗՈᚨᅝەᐞဲࢤΕऄᇷಛΔᚨᕣၦᙇژ࠷

ࠐጟऄᣂএٺऱګ౨ิױࢤဲהፖࠡࢤਢᖕᅝছဲऱဲ֮ءऄᣂএऱნΖڇ

ᙇᖗီ࿗ऱဲΖ೯ဲ֗ݮ୲ဲאױፖࠡګิࢤဲהऱऄᣂএڕ।ޕ]قࢬ௩ 
1999]Κ 

। 3.1 լࢤဲٵऱױ౨ჸิٽ। 
�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

ױ٨ऱऄᣂএΖຍᑌൕ।խࠀᐞەᑉլڼڂඈࣴΔ۩ၞࠐ৫ߡൕჸऱ֮ء

୲ဲεݮ,ဲټδٽႃࢤऱဲ,৵ီ࿗ᚨ㻽ဲဲټ㻽ࢤᎅΔছ࿗ՑᚨᙇᖗဲࠐࠩΔኙ೯ဲא
խऱဲΖݮ୲ဲऱছ৵࿗Ցຟਢဲࢤ㻽ဲټऱဲΖဲऱছ৵נऱဲࢬದऱऄ֗

ᆠᣂএܑለՕΔؘڶאࢬ༉ဲऱছ৵࿗Ց։ܑᙇᖗٵဲΔอૠࠐנऱᆠ

חଚݺຝ։Ζࠟګ։چՈᚨઌᚨٽႃٵ S-(A)ΕS+(A)։ܑז।ᆠ AऱছΕ৵ٵႃ
 Ζٽ

ᄭਢπᦰृࠐଚऱอૠறݺ ႃρΔᑓՕ՛પ㻽֮ڣ20 1,100ᆄڗΖறڶ
ᆖመٚ۶ऱᆠᑑࣹΔݺڼڂଚྤऄᒔࡳறխԫଡ㠪ਬଡဲऱဲᆠຶߒਢչ

ՇΔނ࣠ڕ،ऱڶࢬऱᆠႈຟፖٵอૠΔႨؘᄎࠌอૠ࣠ܶڶለՕऱᆠᕳଃΖ

㻽ڼՂՀ֮࿗Ցխऱဲᚨᙇဲྤ࠷ᆠࣴᆠऱΔܛኙᆠဲၞ۩Δۖլەᐞڍᆠ

ဲΖࣹრຍ㠪ऱϘᆠϙਢઌኙߢۖࢤဲ࣍ऱΔဲױ౨ࠠڍڶଡဲࢤΔဲ࣠ڕWڇ
ਬଡဲࢤ C խऱრᆠਢഄԫऱΔݺଚ༉ጠ W ࢤဲڇ C ՀਢᆠऱΖڇዧऱဲխΔ
ᆠဲऱᑇၦৰՕऱֺૹΔڇπवጻρխऱ᜔ဲᑇ㻽 53332Δۖᆠဲᑇؾ㻽 47188Δ
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ᑇऱ᜔ 88.47%ΙۖൕኔᎾऱሎەࠐشΔᆠဲנऱ᙮৫Ոլ܅ΖᆖอૠΔڇற
խΔᆠဲऱᑇؾ 44.18%Ζຍ।ࣔᆠဲऱჸᇷಛࠠڶઌᅝऱז।ࢤΔشܓᆠ
ဲऱჸᇷಛڍ۩ၞࠐᆠဲဲᆠᙇᖗऱ৸უਢױ٤ݙ۩ऱΖ 

ᆠऱٵႃٽᛧ࠷መ࿓ਢྤਐᖄऱΖ܀ਢݺଚ٣ࠃኙอૠறၞ۩۞೯։ဲ

 ᙇᖗဲऱՂՀ֮࿗ՑΖچᒔإΔթ౨ࢤᑑࢤဲ֗

ዝጩऄ 3.1Κᆠऱٵႃٽᛧ࠷ዝጩऄ 

ᆠΚࡳ Total 㻽ᆠဲऱૠጩᕴ; ೄ٨ COUNT-F,COUNT-B ਢࠟଡԲፂೄ٨Δ
COUNT-F [a,b]ਢ bኙ࣍ aऱছٵڻᑇΙۖ COUNT-Ҟ[a,b]ਢ bኙ࣍ aऱ৵ٵڻ
ᑇΖ 

 ;ΚTotal=0֏ࡨॣ

         for each a ೯܂ᣊᆠႃ ᥆ࢤଖᣊᆠႃ ᑇၦଖᣊᆠႃ, 
�����������IRU�HDFK�E $WRP6HW�

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

መ࿓Κ 

ኙ࣍றխנޢଡᆠဲW, Category(W) {v,adj }Δച۩Κ 
���^���7RWDO 7RWDO����
�������ᒔࡳ :ऱᆠࡳᆠႃٽ㻽 $WRPV�:�Ι�

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

�������IRU�HDFK�D $WRPV�:�ΔছٵႃٽΚ�

���^�

����IRU�HDFK�E  Atoms(k)
)(WFWindowk

�

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

�������`�

ʳ ʳ ���IRU�HDFK�D $WRPV�:�Δ৵ٵႃٽΚ�

�������^��

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

��ຟ�

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

��`�

������ `�

 ᆠႃٵଡᆠऱޢנૠጩאױฅ৵Δݙኙறխऱڇ

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։ܑਢছ৵ٵႃٽխٵᄗऱ࣋ՕএᑇΖ֜ ՛ऱᄗᣄא।ٵᆠ

ၴऱ᙮৫ฆΔዝጩऄലᄗଖٵழଊאԫଡ࣋ՕএᑇΔຍࠀլᐙ،ଚհၴऱՕ՛

ᣂএΔۖᔞᅝ࣋چՕԱઌյऱฆଖΖ 

อૠறᆖ۞೯ᛧ࠷ࠩऱ೯܂ᣊᆠٵႃٽ 703යΔ᥆ࢤଖᣊ֗ᑇၦଖᆠ
ٽႃٵ 446 යΖՀࠏ։ܑਢ೯܂ᣊᆠϘEAT|پϙࡉ᥆ࢤଖᣊᆠϘHAPPY|壂ϙऱ
ছ৵ٵႃٽΚ 

EAT|پ Κ 

ছٵႃٽΚ 

 {(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) �…}        

৵ٵႃٽΚ 

 {(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 : 

ছٵႃٽΚ 

 {(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) �…}        

৵ٵႃٽΚ 

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

ຏመኙٵႃٽऱ։࣫אױ࿇Δႃٽխࠄڶᆠऱრᆠৰ൷२Δᆠઌۿ৫ֺለ

՛Ζݺଚݦඨ౨ٵނᆠႃၞ۩ፋᆠΔܛᆠ൷२ऱᆠګࠓٽԫଡᆠΔٵࠌ

ႃٽऱ९৫֟྇אΖՀ૿ݺଚנፋᣊऱዝጩऄΚ 

ዝጩऄ  ፋᆠዝጩऄٽႃٵ  3.2

 S㻽ᆠ AtomᆖอૠࠩٵႃٽΙ 

ٽᄅႃ֏ࡨॣ L= ; 

ല Sխऱᆠਊڇࢬ։ᣊᖫऱᐋᑇ܅ඈݧΔࠌՂۯᆠ᜔ਢࠡ࣍ۯՀۯᆠհছΙ 

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 LխऱᆠਊٵᄗऱᑇଖൕՕࠩ՛ၞ۩ඈݧΔኲ࠷ႃٽছ  ցऱᆠΙۯ10%

ٽႃش Lזཙٵႃٽ SΖ 

ዝጩऄ٣ലٵႃٽխऱᆠਊࠡڇ։ᣊᖫऱᐋᑇඈݧΔຍᑌאױঅᢞڇԫଡᆠ

ઌۿऱᆠႃᆢխΔᆠ᜔ਢٻထ່ՂۯऱᆠΔွࢼ່ܛऱᄗၞ࢚۩ፋᆠΖٵ࣍ط

ᄗऱᆠኙቼऱ༴૪ದထޓ㻽ૹऱᐙΔڼڂዝጩऄڇፋᆠݙฅ৵ΔԾലٵ

ႃٽਊᆠٵᄗऱՕ՛ඈݧΔඍඵԱ՛ٵᄗऱᆠΔঅఎ٨ݧছຝ 10%ऱց
ైΖᆖመዝጩऄ 3.2ऱΔᄅऱٵႃٽऱ९৫ലֺࠐऱڶ᧩ထ྇֟Ζ 

3.3 㶷سᆠૻࠫঞ 

3.3.1 ᆠૻࠫঞऱࡳᆠ 

ዝጩऄششܓ 3.1 ΖኔٽႃٵଖΕᑇၦଖᣊᆠऱՂՀ֮ࢤᣊ֗᥆܂ଡ೯ޢࠩאױ
ᎾՂࠩຍԫݺޡଚբᆖאױᖕٵႃٽፖྒྷᇢխဲऱՂՀ֮ቼၞ۩ઌۿ৫ऱૠ

ጩΔലઌۿ৫່ऱᆠႈ܂㻽ᇠဲऱڇᅝছխऱဲᆠΖຍጟֱऄኙ࣍១ऱڤ

ዌֺڶለऱإᒔΔ܀ኙڶࠠ࣍ऱऄࢤᔆऱဲঞඈࣴ࣠լਢৰუΖڕኙ

೯ဲࠐᎅ[ᄘᖠ 2001]Δᓤᠧᎏ(ڕ՛ᎏࡉଫᎏ)ऱڍᆠဲऱဲᆠඈࣴ࣠
ᄎ࣍១ᎏऱڍᆠဲΖຍਢڇ࣍طᓤᠧڤ㠪խ֨ဲፖჸဲ၏ᠦለΔჸ

ဲࢨਢ၌נխ֨ဲऱՂՀ֮࿗ՑᒤΔࢨਢፖխ֨ဲհၴڶመڍऱեឫဲΖ 

༴૪ဲچ㻽ᄷᒔޓאױ،ΔߢԱᄭऱխၴسګᖲᕴऱऄ։࣫ၸڇ

ᇠᆠऱဲڶᆠᆠૻࠫঞΔ،༴૪ԱܶࡳଚՈ㻽ᆠݺழٵՂՀ֮ऱቼΙڇࢬ

ऱཚඨנऱᆠᛩቼΖຍᑌݺଚאױᖕဲኔᎾࢬऱᆠᛩቼፖᆠঞխ༴૪

ऱᆠᛩቼၞ۩ઌۿ৫ऱૠጩΔലֺለ࣠܂㻽ဲᆠඈࣴऱࠉᖕΖ 

 ᇢΚྒྷڕԱᇡาऱᎅࣔΖנรԲີխբڇᑓীߢऱխၴ࠷խආ֮ء

Ϙނ܃ࢢݺڞݫឰԱΖϙ 
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ᆖ։࣫ऱխၴߢਮ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����

�����������

��

ط୲ဲऱᆠᛩቼਢݮࢨዌխ೯ဲڇ AgentΕThemeΕResultΕClauseᇷಛ
ڇאױଚݺᒔΔإࡳլԫࠀऱᆠᇷಛנ։࣫ၸڇ֟ᆠᇷಛΔ࣍ط༴૪Ζࠐ

ဲᆠඈࣴၸၞ۩۞೯ऱᆠᓳᖞΖ 

ࠠ᧯ऱᆠऱᆠૻࠫঞऱᑓী।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֏༴૪խݺଚאױנᆠऱᆠঞፖรԿີऱᑓڤঞڶ

ઌۿհΖঞਢش।ऱࠐڤݮ।قऱΔ।ऱଈۯցైਐࣔঞࢬ᥆ऱᆠΖ।ऱรԲ

ႈܛ।ऱঞ᧯Ζঞ᧯طԫڍࢨঞ᧯ዌګΖޢԫঞԾਢطԫ٨ߓऱ

ૻࠫ༴૪ิګΖૻࠫ༴૪ᎅࣔԱܶڶᅝছᆠऱဲڇኔᎾऱᆠᛩቼխݦඨנ

ᐛᇷಛΔץਔᆠ֗ࠡٵᄗΔຍࠄᆠױ౨ᄎՂᆠᣂএګ։ڕ PartofΔ
MaterialΖૻࠫ༴૪ຍࠄᐛᇷಛऱ᧤ᙀᆠᣂএΖຍࠄ᧤ᙀᣂএش*AND*Ε*OR*Ε
*NOT*ฤᇆࠐ।قΖ*AND*।ڇڇقኔᎾխנऱဲᆠႈᚨٵழየߩਐࡳऱᐛ
ᇷಛΙ*OR*।ق౨የߩᐛᇷಛऱٚრԫႈױܛΙۖ*NOT*ঞဲࡳլᚨנٚ
۶ਐࡳऱᐛᇷಛΖ᧤ᙀሎጩլႛڇش܂אױ༴૪ऱᐛᇷಛՂΔՈ࣍ش܂אױլٵ

ঞխΖڇຍԫ్Ղऱ᧤ᙀጩฤԫشࠌ*OR*Δ।قঞאױᙇشנऱૉե
ঞխٚრԫΖڶ᧤ᙀሎጩऱૻࡳঞאױ।૪ٺጟᓤᠧऱᆠᇷಛΖ 
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3.3.2 ᆠᆠૻࠫঞऱګس 

㻽Աല 3.2 խࠩऱᆠٵႃٽऱᇷಛך։ሎࠩشᆠऱૻࠫঞࡳᆠխΔ֮ءආش
ԱאՀऱ᠏ངᑓࣨΔ،ױᖕٵႃٽዌທנԫଡॣࡨऱᆠᆠঞΚ 
ΰ1αʳኙ࣍᥆ࢤଖΕᑇၦଖᣊᆠΔছٵႃٽխኔ᧯ᣊऱᆠ܂㻽Ϙ(;3(5,(1&(ϙΖ�

ΰ2αʳኙ࣍᥆ࢤଖΕᑇၦଖᣊᆠΔ৵ٵႃٽխኔ᧯ᣊऱᆠ܂㻽Ϙ7+(0(ϙΙ�

ΰ3αʳൕ೯܂ᣊᆠऱছ৵ٵႃٽխנ࠷ϘLPSOHPHQW_ᕴࠠϙ֗ࠡڶࢬऱՀۯᆠΔല

،ଚ܂㻽Ϙ,167580(17ϙΙ�

ΰ4αʳൕ೯܂ᣊᆠऱছ৵ٵႃٽխנ࠷ϘHDUWK_ՕچϙΕϘSODFH_ֱچϙΕϘVSDFH_

़ၴϙ֗ࠡڶࢬऱՀۯᆠΔല،ଚ܂㻽Ϙ/2&$7,21ϙΙ�

ΰ5αʳൕ೯܂ᣊᆠऱছ৵ٵႃٽխנ࠷ϘWLPH_ழၴϙ֗ࠡڶࢬऱՀۯᆠΔല،ଚ܂

㻽Ϙ7,0(ϙΙ�

ΰ6αʳൕ೯܂ᣊᆠऱছ৵ٵႃٽխנ࠷ϘGHJUHH_࿓৫ϙΕ�ϘUDQJH_༏৫ϙΕ

Ϙ�IUHTXHQF\_᙮ϙ֗ࠡڶࢬऱՀۯᆠΔല،ଚ։ܑ܂㻽Ϙ'(*5((ϙΕ

Ϙ5$1*(ϙΕϘ)5(48(1&(<ϙΙ�

ΰ7αʳൕ೯܂ᣊᆠऱ৵ٵႃٽխנ࠷ऱ᥆ࢤଖΕᑇၦଖᣊᆠΔല،ଚ܂㻽Ϙ5(68/7ϙ

Ι�

ΰ8αʳല೯܂ᣊᆠऱছٵႃٽ塒Հऱኔ᧯ᣊᆠ܂㻽Ϙ$*(17ϙΙ�

ΰ9αʳല೯܂ᣊᆠऱ৵ٵႃٽխऱ塒Հऱኔ᧯ᣊᆠ܂㻽 7+(0(Ι�

 ᠏֏ᑓࣨࠩऱᆠᆠૻࠫঞ㻽ΚشܓϙΔپ|ᣊᆠϘeat܂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ݺଚዌທԱԫଡॣࡨঞΔঞխࡳᆠԱᆠ AgentΕThemeΕ
ResultΕInstrumentऱૻࠫ༴૪Ζኙ࣍ऄࢤᔆ១ऱᆠΔຍࠄ༴૪բᆖߩജΖ
ࡨॣڇଚᏁݺڼڂ១ԱΔ࣍ऱঞ༉መګس೯۞ࠄΔຍߢᑇᆠۖڍՕ࣍ਢኙ܀

ঞऱഗ៕Ղ֫ՠኙࠡၞ۩ଥޏፖᓳᖞΔףՂؘऱ༴૪ΕଵೈᙑᎄऱᐛᆠΖڕࠏΔ

ኙڕ࣍ϘURGE|আࠌϙΔطᇠᆠࡳᆠऱဲڕϘআࠌϙΕϘං೯ϙΕϘቔᚐϙဲΔ
ԫຟڶଫΔݺڼڂଚ㻽ࠡᏺףଫ।قऱ(EVENT)ऱૻࠫ༴૪Ιᝫطڕڶ
ϘGIVE|ϙࡳᆠऱဲΔԫຟڶᠨᎏΔݺଚՈ㻽ϘGIVE|ϙࡳᆠ
CO-THEME(ၴ൷ᎏ)ऱૻࠫΖݺଚՈᏁ㻽ϘEXPECT|ཚඨϙᆠঞࡳᆠ
CLAUSE༴૪Ζ 

Δࠏᑇၦऱࡳԫ࠷ଡᆠᙇޢൕறխ㻽֮ءᆠऱᆠૻࠫঞழΔޏଥڇ
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ຍࠏࠄխຟܶطڶᇠᆠࡳᆠऱဲΖݺଚᖕࠏەኙॣࡨঞၞ۩ଥݙޏΖ

ࡳՠࠫ֫ڼڂঞႃΔࡨऱॣګسԫଡ۞೯ڶ٣ࠃࠀΔૻڶᆠऱᆠঞᑓ࣍ط

ፖଥޏঞࢬक़၄ऱՠ܂ၦࠀլՕΖຏመࡨॣڇঞऱഗ៕Ղၞ۩ԳՠᓳᖞऱֱऄΔݺ

ଚאױࠩԫଡለ㻽ݙऱᆠঞႃΖ 

3.3.3 ᆠႈᆠૻࠫঞऱᒔࡳ 

ᖕπवጻρխኙᆠႈऱԫࠉᆠૻࠫঞ৵ΔࡳଖΕᑇၦଖᣊᆠࢤᣊᆠ֗᥆܂㻽೯ڇ

 ୲ဲऱٚრԫଡᆠႈऱᆠૻࠫঞΖݮࢨ೯ဲګسچ೯۞אױଚݺΔࡳࠄ

ኙ࣍೯܂ᣊ೯ဲΔDEFႈऱรԫۯᆜ౨ਢٙࠃᣊࡳऱᐛΙאױڼڂऴ൷
ലᆠႈรԫۯᆜՂऱᆠऱૻࠫঞ܂㻽ᇠᆠႈऱૻࠫঞΖ 

ؚ �ΚEX\_၇�FRPPHUFLDO_�

ؚ �ΚH[HUFLVH_ᒭ�VSRUW_᧯ߛ�

پ �ΚHDW_پ�

پ �ΚGHVWUR\_ᄰ�PLOLWDU\_૨�

ϙΕپ|ଚ։ܑലϘbuy|၇ϙΕϘexercise|ᒭϙΕϘeatݺՂ૿༓ଡ೯ဲᆠႈΔڇ
Ϙdestroy|ᄰϙऱૻࡳঞ܂㻽ؚ 1Δؚ 2Δپ 1Δپ 2ऱૻࡳঞΖ 

ۖኙݮ࣍୲ဲΔ،ଚऱᆠႈط᥆ࢤଖᣊᆠ֗ᑇၦᣊᆠዌګΖϘ᥆ࢤଖϙਢ

ऱഄԫऱ࢚ᑇၦଖᄗ࣍᥆ڶࢬᐛΔϘᑇၦଖϙਢऱഄԫऱ࢚ଖᄗࢤ᥆࣍᥆ڶࢬ

ᐛΔ،ଚ։ܑਢݮ୲ဲऱٺᆠႈऱଈۯᑑᢝΙ᥆ࢤଖᣊᆠࡉᑇၦଖᣊᆠೈଈۯ

ᑑᢝ؆ؘႊᝫڶܶץԫଡڻᐛΖڇรԲۯցՂԫࡳᑑࣹᇠ᥆ࢤଖࢨᑇၦଖࢬਐٻ

ऱ᥆ࢨࢤᑇၦᐛΙۖຏൄՕڍᑇൣउՀڇรԿۯᆜՂᑑࣹᇠ᥆ࢤଖࢨᑇၦଖऱࠠ᧯

ଖΔۖຍࠠࠄ᧯ଖإਢݺଚࢬტᘋᔊऱΖڶழڇ DEFรԿۯᆜ৵ᝫڶԫܗ᎖ࠄᐛΔ،
ଚਢၞԫޡኙᣂᆠၞ۩ᇖךᎅࣔΔኙᆠႈऱᆠᐙৰ՛Δݺڼڂଚࡳڇᆠݮ୲

ဲऱૻࠫঞխΔᏁەᐞรԿۯऱᆠΖڕࠏՀ૿ਢ༓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|ՕϙΕϘmanyݺխΔࠏՂ૿ऱڇ
ଉϙऱᆠૻࠫঞ܂㻽ኙᚨݮ୲ဲᆠႈऱᆠૻࠫঞΖ 

ኙ࣍ၦဲݺଚՈאױ۞೯ࠫૻګسঞΔঞխࡳၦဲଥ堸ऱဲऱᆠᐛΖڇ

πवጻρխΔټၦဲऱࡳᆠ㠪شϘ&ϙᑑࣹࠡਐٻऱ᥆ࠃࢨࢤढऱᣊীΙڕࠏΚ 

 עၦ,&publications|ټ|Κ DEF=NounUnitء
ᔖΚ DEF=NounUnit|ټၦ,&LandVehicle|߫ 
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ءխΔᆠႈϘࠏՂڕঞΖࡳ㻽ᆠႈऱૻ܂Ϙ&ϙᑑࣹऱᆠނऴ൷אױଚ༉ݺਢ࣍ 1ϙ
ፖϘᔖ 1ϙऱঞ։ܑ㻽 

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

ፖٵڼழΔݺଚᝫאױ㻽ਬࠄᆠࡳᆠຏشऱঞΔאխၴዌխլ౨ᖕ

ჸᣂএၞ۩ඈࣴऱဲΖຍࠄᆠຏൄܶڶለࣔ᧩ऱᆠᐛΔڕ LOCATION 
խԫܶچڶរᇷಛΔۖ TIME խԫܶڶழၴᇷಛΔڼڂΔݺଚאױ㻽ຍࠟଡ
ࡳᆠຏشऱૻࡳঞڕՀΚ 

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

3.4  ဲᆠඈࣴዝጩऄऱᇡา༴૪ 

ՂԫᆏտฯԱ۶ڕᛧဲᆠႈऱᆠૻࠫঞΖءᆏലಘᓵ۶ڕሎشᆠႈऱᆠঞ

 ऱխၴዌխၞ۩ဲᆠඈࣴΖࡳڇ

3.4.1 ᒔဲࡳऱᆠᛩቼ 

ᛧਬԫኔᆠဲऱՂՀ֮چऄΔ㻽Աֱঁֱقऱ।ߢอխၴߓԱᖲנรԲີ֮ء

ઌᣂဲΔݺଚ٣ലխၴߢ᠏ګ࣋㻽ژࠉᣂএᖫऱڤݮΖᖫऱរਢऱு֨ဲΔ

։㻽ګॵ᥆ٺאᖫ։ܑՈਢࠄ㻽រऱᖫΔຍ܂։༉ګு֨ဲ֭ऱॵ᥆࠹הࠡ

រۖ৬مದࠐऱژࠉᣂএᖫΖڕࠏᙁԵϘፂଥ/ቹ塢/ऱ/़ᓳϙऱࠟଡױ౨ऱ
ऄዌᖫڕՀΚ 

ቹ 3.1 ((ፂଥʳ ቹ塢)ऱʳ ़ᓳ)      ቹ 3.2 (ፂଥ(ቹ塢ऱʳ ़ᓳ)) 
ऱᖫዌ         ऱᖫዌ 

ဲڶᣂএΚࡳᆠဲऱૻࡳଚݺऱՂՀ֮ቼছဲࡳᒔڇ AΔBΔڇ࣠ڕ
խ A ଥ堸Ε֭ BΔঞጠڇᅝছխ A ਢ B ऱૻဲࡳΔB ਢ A ऱૻဲࡳΖຍ㠪ऱ
ဲ࣠ڕᣂএऱԫኙဲխΔژࠉسऄᎁ㻽࿇ژࠉΚٵլࢬڶᣂএژࠉᣂএፖႚอऱࡳૻ

Aଥ堸ဲ BΔঞ B㻽ဲΔA㻽ൕ᥆ဲΔAਢ Bऱॵ᥆ګ։Δژࠉڇᣂএᖫխ᧯㻽 A
ਢ BऱរΙۖݺڇଚࡳᆠऱૻࡳᣂএխૻဲࡳঞਢૻဲࡳऱଥ堸֭ढٙΖڕኙ
ݮΙADJЀNPऱဲࡳΕᎏऱૻ೯ဲ༉ਢऱဲᎅΔࠐᘯᎏዌऱ࣍

� �

�

Theme 
ፂଥΰVα

ቹ塢ΰNα 

़ᓳΰNα 
ATTRIBUT Theme

ፂଥΰVα

ቹ塢ΰNα 

़ᓳΰNα
ATTRIBUT
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୲ဲխ ADJ ਢ NP ऱૻဲࡳΖဲࡳૻ࣠ڕፖૻဲࡳհၴਢೣإऱଥ堸ᣂএΔڕ
ADJ+NP,NP+NP Δૻךဲࡳᅝ ATTRIBUTEΕMANNER ॵ᥆ګ։Δঞژࠉڇᣂএ
ᖫխ᧯㻽ૻဲࡳਢૻဲࡳऱរΙ࣠ڕ،ଚհၴਢᘯዌΔڕ NP+VP+NP(ᘯ
ᎏ)ΕNP+ADJPΔঞૻڇဲࡳᖫխךᅝૻဲࡳऱ׀រΖ 

ຍࠟᣊဲऱေᏝዝጩऄլઌ࣍طਢဲࡳፖॺૻဲࡳኙဲ։ૻאࢬଚհݺ

Δ،ऱᆠႈᙇش܂ऱଥ堸֭հၴऱჸᣂএխದထဲڇဲࡳᆠΔૻࡳΖᖕٵ

ᖗ֗ေᏝ։ᑇᐙထᅝছ։࣫ዌऱ᜔᧯ေᏝଖΖࠠڇ᧯ऱዝጩऄኔՂΔૻဲࡳऱေ

Ꮭਢຏመٺଡᆠႈऱኔࠏႃፖ،ऱૻဲࡳႃऱֺለᛧऱΙۖॺૻဲࡳऱေᏝঞ

ᖕΖኙࠉ㻽ေᏝ܂ऱֺ່ለଖࠏፖຍଡᆠႈऱኔ࠷հ৵ၞ۩Δᙇࡳᆠႈᒔဲࡳૻࠡڇ

ԫལᣂএᖫၞ۩ေᏝ༉ਢ৬ڇمኙխךᅝૻဲࡳऱဲរऱေᏝՂऱ[ᇯᓡࣟ 
1996]Ζ 

ኙ࣍ԫଡךױᅝૻဲࡳऱဲΔݺଚࡳᆠ،ऱՂՀ֮ቼΔՈጠ㻽ՂՀ֮࿗ՑΔਢ

ऱԫଡऄዌΔຏመᇠዌኙᚨࡳऱᇷಛΖڶࠠࢬՂࠀऱဲࡳࠡૻڶࢬ

ऱژࠉᖫΔݺଚאױৰֱঁچࠩဲٺऱՂՀ֮ቼΖՀ૿ਢဲڇᅝছژࠉᖫխऱ

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׀

រࠀലࣹࠡ㻽 3DUHQWΙ�

೯ဲऱᆠ㻽࣠ڕ ��� (9(17Δຍழ೯ဲଫ㠪ऱଫΔڼழ೯ဲڇࢬଫխ

ऱᎏᚨךᅝࠡ $*(17Ι�

೯ဲऱᆠ㻽࣠ڕ ��� 7+(0(Δຍழ೯ဲᎏࢨ՛ᎏዌऱᎏൕΖ࣠ڕᇠ೯

ဲऱ $*(17ᆠլڇژΔঞףԵ׀រቼխऱ $*(17Ζ࣠ڕᇠ೯ဲਢ೯

ኪΔല $*(17ޏ㻽 7+(0(Ι�

೯ဲऱᆠ㻽࣠ڕ ��� 68%(9(17Δຍழ೯ဲຑ೯ΔঞףԵ׀រऱဲ֗ࠡࢬ

ᇠ೯ဲਢ೯ኪΔല࣠ڕᅝऱᆠΖך $*(17ޏ㻽 7+(0(Ι�

㻽୲ဲݮਢဲ࣠ڕ ��� $775,%87(Δঞᙇ׀ࠡ࠷រࠀലࠡऄࣹ㻽 7+(0(Ι

୲ဲ㻽ݮ࣠ڕঞܡ 35(',&$7(Δݮܛ୲ဲ܂।Δঞᙇݬכ࠷រխऱ

([SHULHQFHUΙ�

㻽ਢၦဲဲ࣠ڕ ��� 4XDWLW\Δঞᙇ׀ࠡ࠷រࠀലࠡऄࣹ㻽 7+(0(Ζ�

3.4.2 ဲऱေᏝଖૠጩ 

ڇ 3.3.3խտฯԱ೯ဲΕݮ୲ဲ֗ၦဲऱᆠႈऱᆠૻࡳঞᛧֱ࠷ऄΖՂԫᆏ༴૪۶ڕ
ࠩԫལխၴߢऱዌژࠉᖫխ֭ٺဲऱՂՀ֮ቼΖאױڇᖕဲڇࢬᆠ

ᛩቼ֗ࠡٺᆠႈऱૻࡳঞխࢬ༴૪ऱᆠᛩቼၞ۩ઌۿ৫ऱૠጩΖ 
1)ဲᆠႈፖঞऱૻࠫ༴૪ऱઌۿ৫ 

πवጻρխ༼ࠎԱ೯܂ᣊΔኔ᧯ᣊΕ᥆ࢤଖᣊᆠ։ᣊᖫΔᆠၴऱᆠ၏ᠦፖᆠ
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ଡᆠऱᆠ၏ࠟقᣂΚ່ሁஉ။९Δঞ।ڶ։ᣊᖫኙᚨរၴऱ່ሁஉऱᢰᑇڇ

ᠦ။Δ،ଚऱઌۿ࿓৫။՛ΖࠀΔ࣍ۯ։ᣊᖫՀຝऱԫኙ׀រኙᚨऱᆠၴऱ

ᆠ၏ᠦᚨᅝ՛ࠡ࣍ۯ࣍Ղऱٚრԫኙ׀ΖڼڂΔڇૠጩᆠ၏ᠦழᚨኙ։ᣊᖫՂऱ

ᢰףᦞΖڼ؆Δૠጩխᝫᚨ᧯נլٵᣊীऱᆠ(ڕኔ᧯ᣊፖ೯܂ᣊ)հၴᆠऱլױ
 ՀΚڕᆠࡳ৫ऱۿᆠઌࡉΖᖕՂ૪։࣫Δᆠၴᆠ၏ᠦࢤֺ

ᆠ AΕBΔ،ଚ։ܑ࣍ۯ։ᣊᖫऱร aࡉร bᐋ(ࡳរ㻽ร 0ᐋ)Δ،ଚऱ
່२ٵ٥లאױ)٣ਢ Aࢨ B࣍ۯ(ߪءร cᐋΔঞ Aፖ Bऱᆠ၏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

�

ࠡխᦞଖࠤᑇᚨਢԫଡᓳᎠ྇ऱࠤᑇΖᅝছ։ᣊᖫऱᖫ㻽 DepthΔݺଚࡳᆠ
ऱᦞଖࠤᑇڕՀΚ 

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

  ۖᆠ AΔBऱᆠઌۿ৫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։ᣊᖫऱ່९ऱᆠ၏ᠦΖ 

৫խऱۿᆠऱᆠ၏ᠦፖᆠઌࡳՂא AΔBਢٌױངऱΔܛ Aፖ Bऱᆠઌۿ৫
࣍ Bፖ Aऱᆠઌۿ৫Ζ܀ਢݺଚലᄎࠩΔSIM-ATOMSխֺለऱਢᑓڤᆠ Aፖ
ኔᎾᆠ Bհၴऱઌۿ৫Ζ࣠ڕኔᎾᆠ Bਢᑓڤᆠ AऱՀۯΔঞ،ଚऱᆠ၏ᠦᚨ
ֺለ՛Δ࣠ڕঞᆠڇኔᎾᆠऱՀࢨۯਢ،ଚਢᖑڶਬଡઌٵల٣ऱࠟଡរΔ

ঞᆠ၏ᠦᚨለՕΖຍᑌݺଚᚨኙᆠ၏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࠷ߩജՕΔࠌᅝᆠ B ਢᆠ A ऱ୪
រழᆠ၏ᠦለ՛ΔܡঞലࠩԫଡለՕऱᆠᠦΖᖕኔ᧭ΔMଖࡳ㻽 5౨ജ࠷
ֺለړऱඈࣴய࣠Ζ  
2)ဲᆠႈፖঞऱૻࠫ༴૪ऱઌۿ৫ 

ᆠႈऱᆠૻࠫঞխࡳᆠԱਬԫᆠױ౨נऱᐛᆠऱ᧤ᙀิٽΔۖဲऱᆠ

ႈਢطᆠ֗ᆠᣂএዌګऱΖݺଚݦඨ౨౨ജࡳܒԫଡᆠႈየߩঞऱૻࠫ༴૪ऱ
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࿓৫Δܛᆠႈፖঞऱ༴૪ऱઌۿ৫Ζ 

ਬᆠႈᆠঞխࡳԱਬऱૻࠫ༴૪㻽 CΔ 
C=(OP (R1 S1) (R2 S2)�…(Rm Sm) ,CR1,CR2,CRz)Ζ 
ࠡխኙ࣍ 1 i m,R�’i RelationSetΔSiਢ༴૪խڗଈᆠᣂএ㻽 R�’iऱᐛᆠΖ༴૪խױ

౨ܶڗྤڶଈᆠᣂএऱᆠΔ،ଚߪء༉ਢ༴૪ऱᐛᆠ᥆ࢤΔ㻽Աঅૠጩऱ

อԫࢤΔլࡳຍࠄᆠऱڗଈᆠᣂএ㻽 PropertyΖOP ਢ᧤ᙀิٽሎጩฤΔץਔ
*AND*,*OR*,*NOT*Δ،ଚऱפ౨ڇছ૿բᎅࣔመΖCRi(1 i z)ਢڶ᧤ᙀิٽሎጩฤ
ऱ༊ᆠ༴૪ႃΖ 

ڶԫဲᆠႈ Entry=((R�’1 E1) (R�’2 E2)�…(R�’n En)) ኙ࣍ 1 i nڶ Ei AtomSetsΔ 
Ri RelationSetΖٵΔኙ࣍ᆠႈխྤڗଈᆠᣂএऱᆠΔݺଚՈڗࠡࡳଈᆠᣂএ
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 OPऱଖൕૠጩ࣠խਗᙇٽנᔞऱ࣠Ζࣹრኙ࣍ CRi(1 i z)ΔᏁᎠಱၞچ۩
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*Δᖕ 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՛ڃᇠցైଖֺለՕΔ१࣠ڕࠀԫଡցైΔڶ

ऱᇩΔ१ڃऱଖᚨᇠՕΖڼڂΔݺଚشאױ 1ፖցైଖऱࠐૠጩֺለઌۿ৫Ζ 

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 3.3ΚဲऱေᏝዝጩऄ 
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ᙁԵΚဲWord֗WordऱՂՀ֮ቼ 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\�ऱᆠૻࠫঞႃٽ 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 Ζലڍڶ౨ױᆠႈऱᆠঞႃΔࣹრᆠႈऱᆠঞٺ
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ঞխऱૻࠫ༴૪ፖٺ wordऱᆠᛩቼ ENVխဲٺऱᆠႈၞ۩ઌۿ৫ऱૠጩΔຍ
࣍ઌኙဲࠄ wordᅝছᆠႈऱ່Օઌۿ৫ଖ֗ኙᚨᆠႈಖᙕ࣍ԫଡԲፂೄ٨խΖ൷ထዝ
ጩऄᖕ ENVխဲٺऱ່Օઌۿ৫ૠጩwordᅝছᆠႈऱေᏝଖΖ່ ৵Δዝጩऄނword
ऱ່ࠠڶՕေᏝଖऱᆠႈ܂㻽 wordऱ່ࠋᆠႈ BestEntryΔຍԫ່ՕေᏝଖ܂㻽 wordऱ
ေᏝଖΖٵழΔዝጩऄൕԲፂೄ٨խנ࠷ ENVխဲٺઌኙ࣍ BestEntryऱ່Օઌۿ৫
֗ᆠႈΔࠀലࠡ܂㻽ᇠဲڇ wordऱቼխऱေᏝଖ່֗ࠋᆠႈΖ 

3.4.3 ဲऱᆠႈᙇᖗ 

ዝጩऄڇ 3.3 נԱဲऱေᏝଖૠጩֱऄΖᇠዝጩऄאױࠩխၴዌխဲဲࡳૻٺ
ऱေᏝଖ່֗ࠋᆠႈΔٵழᝫאױᒔ࠹ࡳᇠဲૻࡳऱဲٺڇᇠဲऱቼխऱေᏝ

ଖ່֗ࠋᆠႈΖءᆏխտฯڇ۶ڕխၴߢዌխၞ۩ဲᆠऱᙇᖗΔဲܛᆠඈࣴΖ 

ࠐၞ۩ᆠႈᙇᖗΖԫဲٵኙլݧऱ٣৵ႉࡳԫאࠐࢤऱऄࢤਊᅃဲ֮ء

ᎅΔ೯ဲऱჸᣂএኙዌऱᆠᆠᐙ່ՕΔࠡڻਢݮ୲ဲΖᖕຍԫঞΔݺଚ

 ᨏዝጩऄΚޡՀဲᆠᙇᖗऱאԱנ༽

1Κ໌৬ԫଡ RESULT শݦ।Δ،ऱԵՑਢዌژࠉᖫխٺរኙᚨऱဲΔޢଡ
ԵՑႈऱଖ༉ਢԵՑဲऱঀᙇᆠႈႃ֗ٽរऱေᏝ։ଖΖဲ࣠ڕڇ։࣫ၸբᆖ

ૠጩנᆠႈႃ֗ေᏝ։ᑇΔ༉ല،ଚ㻽ઌᚨऱႈଖΔܡঞॣࡨऱଢᙇᆠႈ㻽ဲऱࢬ

ᆠႈΔۖဲေᏝ։ଖ㻽ڶ MINIUMΖ 

2Κਊ۟ٻࢍՂऱႉݧኙዌژࠉᖫխऱ೯ဲរၞ۩ဲᆠᙇᖗΔലᙇᖗ࣠ႃױ)ٽ
౨ܶڶԫଡڍࢨଡऱցై)֗ေᏝ։ଖჄԵ RESULT শݦ।ऱઌᚨႈխΖኙ࠹ᇠ೯ဲૻ
ᇠ೯ဲՀऱေᏝ։ଖ່֗ᚌᆠႈΔലຍଡေᏝ։ଖፖڇࠩאױଚݺΔဲڶࢬऱࡳ

RESULT ।խኙᚨႈऱေᏝଖၞ۩ֺለΔޓ࣠ڕՕΔঞല່ڼᚌᆠႈႃٽፖ։ଖཙז
 ऱփ୲Ζࠐ

3Κፖร 2 ઌᚨऱޏޓࠀᆠᙇᖗဲ۩ၞဲࡳ୲ဲ֗ࠡૻݮڶࢬΔኙᖫխۿᣊޡ
RESULT।ႈΖ 

4Κፖร ઌᚨऱޏޓࠀᆠᙇᖗဲ۩ၞဲࡳၦဲ֗ࠡૻڶࢬΔኙᖫխۿᣊޡ2 RESULT
।ႈΖ 

5Κኙژࠉᖫխᝫၞآ۩መဲᆠඈࣴऱរΔڇࢬࠡ࣠ڕᆠڶຏشऱૻࠫঞΔ
ঞᖕຏشঞၞ۩ဲᆠᙇᖗΔޏޓઌᚨऱ RESULT।ႈΖ 

6Κኙژࠉ࣍ᖫऱޢଡဲរΔࠩ RESULT ।נኙᚨႈऱᆠႈႃٽΔലຍࠄᆠ
ႈऱڶࢬ֮ኙဲ܂㻽։࣫ዌऱဲ֮Ζ 

3.4.4 ဲᆠඈࣴዝጩऄࠏق 

Հ૿ݺଚࠐ۶ڕሎີءشנऱዝጩऄၞ۩ဲᆠऱඈࣴΔڶᙁԵ 
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Ϙटटڇإଥ߷៱ሽီࡋΖϙ 

։࣫৵ࠩऱխၴ࣠㻽Κ 
��&$7�9���&5227�ଥ��

��$*(17����&$7�1���&5227�टट����

��7+(0(���&$7�1���&5227�ሽီ��

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

�������������

��� ലխၴ࣠।ق㻽ژࠉᣂএᖫऱڤݮΚ�

��� ᒔࡳ೯ဲऱՂՀ֮ᆠᛩቼΚ�

���ଥ���$*(17�टट�1���7+(0(�ሽီ 1����

ʳ �៱���7+(0(�ሽီ 1����

��� ᒔࡳխၴߢዌխٺᆠऱᆠႈঞ�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

Theme

टटΰNα ሽီΰNα

ଥΰVα 
AGENT 

Attribute
៱(ADJ) 
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। 3.2խၴߢዌխٺᆠऱᆠႈᇷಛ। 
ဲ

�

ᆠႈᇷಛ�

ᆠႈࡳᆠ� ᆠႈঞ� ኙᚨ֮�

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�

�

��� ኙϘଥϙٺᆠႈ֗ࠡᆠᛩቼऱဲၞ۩ေᏝ֗ᙇဲΖ࣠ڕՀΚ�

�

�

�

�

�

�

�

�

�

�
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। 3.3 ϘଥϙٺᆠႈڇቼխऱေᏝ։ଖ່ኙᚨᆠႈ 

ᆠႈ� ᆠᛩቼխऱဲေ։� 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।խױࠩϘଥϙ່ՕᆠႈऱေᏝ։ᑇ㻽 95.53Δኙᚨऱ່ࠋᆠႈਢϘRepair|ଥϙ 

ፖᇠᆠႈኙᚨऱϘटटϙڇᅝছᛩቼխऱေᏝ։ᑇ㻽  ᆠႈ㻽ϘHuman|Գϙࠋ່,100

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

��� ኙϘ៱ϙ֗ࠡᆠᛩቼऱဲၞ۩ေᏝ֗ᙇဲΖ࣠ڕՀΚ�

�

। 3.4ϘଥϙٺᆠႈڇቼխऱေᏝ։ଖ່ኙᚨᆠႈ 
ᆠႈ� ᆠᛩቼխऱဲေ։� ᆠႈေᏝ։ᑇ�

ሽီ�

ေᏝ։� �ᆠႈࠋ່

XVHG_៱� ���� WRRO_ࠠش� ����

SDVW_࣏� ������ WRRO_ࠠش� ������

RULJLQDO_� ������ WRRO_ࠠش� ������

ൕ।խױࠩϘ៱ϙ່ՕᆠႈऱေᏝ։ᑇ㻽 100Δኙᚨऱ່ࠋᆠႈਢϘused|៱ϙ 

ፖᇠᆠႈኙᚨऱϘሽီϙڇᅝছᛩቼխऱေᏝ։ᑇ㻽  ϙࠠش|ᆠႈ㻽Ϙtoolࠋ່,100
��� ᒔဲٺࡳऱဲᆠΚ�

�

। 3.5խဲٺऱኙᚨ֮ 
ဲ� ኙᚨ֮�

ଥ� PHQG��UHSDLU�RYHUKDXO�

टट� '$'��IDWKHU��SDSD�

ሽီ� WHOHYLVLRQ�VHW��79�VHW

៱� ROG��XVHG��ZRUQ�

3.5 ኙխၴ࣠ၞ۩ᆠ 

Ղԫᆏխݺଚኙဲᆠऱඈࣴऱዝጩऄ܂ԱᇡาऱտฯΖဲڇᆠඈࣴऱഗ៕ՂΔݺଚאױ

ၞԫၞޡ۩խၴߢऱዌඈࣴΖ㻽Ա༼ዌඈࣴऱإᒔΔဲڇᆠඈࣴऱመ࿓խΔ

ᚨᇠٵழኙխၴ࣠ၞ۩ᆠΔᓳᖞऄ։࣫ᙑᎄऱᆠਮΔࢨᒔࡳխၴዌ
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խਬࠄᓤᠧऱᆠଥ堸ᣂএΖءᆏലנխၴ࣠ऱᆠᓳᖞ֗ᆠᣂএᒔࡳऱዝ

ጩऄΖ 

3.5.1 ᓳᖞ։࣫࣠ऱᆠਮ 

3.4 խտฯԱဲشܓ۶ڕࢬऱᆠᛩቼխፖᆠႈऱঞၞ۩ઌۿ৫ֺለၞ۩ဲᆠඈ
ࣴΖᆠᛩቼ࠹طᝤဲ֗ࠡᆠዌګΖᅝழݺଚԱխၴߢዌנऱਢإᒔऱ

ᆠᇷಛΔྥۖڇኔᎾऱऄ։࣫መ࿓խΔ࣍ط֟ᆠᇷಛΔխၴዌऱᆠࠀ

ԫ᜔ࡳਢإᒔऱΖڕՀ૿ऱࠏΚ 

Ϙ㿆ᖞᖞᏘᏘϙ 

Ϙނݺ㿆ᖞᖞᏘᏘϙ 

㻽ᖕൄڂᙀᎏΔ᧤ࡉ᧯ࠃ࠹Ϙϙ༉ਢϘ㿆ϙऱڤݮรԫଡխΔڇ

ᢝΔϘϙਢլױ౨މ㿆չՇࠡהऱࣟ۫Δ،౨ਢ㿆Ζຍᣊڤݮ㻽ࠃ࠹᧯ऱ

אױګਢϘϙڗऱઊฃڤݮΔڕຍᇩאױᐊګϘ㿆ᖞᖞᏘᏘϙΖ

ۖรԲଡխϘݺϙਢϘ㿆ϙऱڤݮΔՈਢਜ೯ृࡉ᧤ᙀΔڂ㻽ԫൣउՀ

Գլᄎ㿆ۖױ౨ਢ㿆ܑऱࣟ۫Ζڇऄ։࣫ழլ౨ᛧຍࠄᆠऱᇷಛΔڼڂᣄإא

ᒔࡳެچਜृࠃፖࠃ࠹᧯Δรԫऱ։࣫࣠ৰױ౨ᄎנڕՀऱᙑᎄΚ 

ENV: (㿆 (AGENT )(RESUTL ᖞᖞᏘᏘ)) 

 ଚ౨ജኙ࣠ऱᆠਮၞ۩ᔞᅝऱᓳᖞΖݺࠌᆠඈࣴழᛧऱᆠᇷಛဲڇ

Ϙϙऱᆠႈ㻽Κ 

 1Κtool|ࠠش,*cover|ᔟ።,#sleep|ጕ 

ۖϘ㿆ϙऱᆠႈऱૻࠫঞ㻽 

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

،ࡳԱ AgentԳऱᆠᐛਢ HUMAN|ԳΔش࣠ڕຍԫૻࠫ༴૪ፖϘϙऱᆠ
ႈၞ۩ֺለଖᄎࠩԫଡֺለ܅ऱઌۿ৫ଖΖຍ㴕࿇ݺଚאױආڕشՀऱᆠྒྷᇢᓳ

ᖞֱऄΚ 

ဲWordऱᆠᛩቼ㻽 

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

Wऱԫଡᆠႈঞ㻽 RΙ 

ழΔWٵᑑಖΔܫऱᤞ(CHANGECASE CASEi CASE�’i)ڶܶဲ࣠ڕ խڇژ Casei

լڇژ Case�’iΔঞݺଚ։࣫ 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)) 

ᄅऱ࣠ڕ৫ૠጩΔࠩԱԫଡᄅऱWordऱေᏝ։ଖΔۿലWፖᆠႈၞ۩ઌڻ٦ࠀ
ေᏝ։ଖՕ࣍ቃࡳᆠऱᓳᖞ⿃ଖΔݺଚ༉ᎁ㻽ڇ։࣫ዌխऱဲ Wordiऱᆠᚨᓳ

ᖞګ㻽 Case�’iΖ 

ऄ։࣫ၸऱऄဲࠢխ㻽ڇଈ٣אױϘ㿆ᖞᖞᏘᏘϙԫழΔڕ

Ϙ㿆ϙຍᑌࠠڶךᅝࠃ࠹᧯ऱ೯ဲՂᑑ(CHANGECASE AGENT THEME)Δቃ
ᙇࡳᆠ່܅⿃ଖፖᓳᖞ⿃ଖ։ܑ㻽 20ፖ 85Ζ 

࿇ᆠᛩቼאױଚݺᆠඈࣴழڇ ENV խဲϘϙڇϘ㿆ϙՀऱေᏝ։
ଖৰ܅Δݺଚشᄅऱᆠᛩቼ 

ENV�’Κ(㿆 (THEME )(RESUTL ᖞᖞᏘᏘ)) 

ૹᄅፖϘ㿆 1ϙऱঞၞ۩ֺለૠጩΔᓳᖞ৵ϘϙڇϘ㿆ϙՀऱေᏝ։ଖሒࠩ
Ա 100 ։Δ࣍ᓳᖞ⿃ଖΔݺଚ༉אױᎁ㻽ڼڇ࣠ਮխऱAGENTᚨᓳᖞ㻽 THEMEΖ 

3.5.2 ᒔࡳ։࣫࣠ऱᆠᣂএ 

ዧխڇژਬࠄऱীΔڕϘVP+NPϙΕϘVP+ऱ+ਢ+NPϙࢨϘVP+ऱ+NPϙΔࢨ
ਢϘNP+VPϙΕϘNP+ऱ+VPϙ ೣإዌΔࠡխऱ NP ڇ VP ऱᆠᛩቼխךࢬᅝऱ
ᆠᣂএլਢࡳࡐऱΖݺଚނ NP ᅝ܂ VP ᆠᛩቼऱ Parent ဲΖNP ܂אױ VP
ऱٚ۶ԫଡլڇژऱᆠګ։ΖڕࠏΚ 

1Κᇘଥቹ塢ऱՠԳᖞᖞڦԱԫ֚Ζ(ϘՠԳϙϘᇘଥϙऱ AGENT) 
    2Κ֚Հୌپػڶऱ֑塊Λ(Ϙ֑塊ϙ܂Ϙپϙऱ THEME) 
    3Κݺଚאছ۰ऱֱچڇਢׂᐖԱΖ(Ϙֱچϙ܂Ϙ۰ϙऱ LOCATION) 
    4ΚڔऱؚឫᄎהࠌტࠩቧᅀΖΰϘڔϙ܂Ϙؚឫϙऱ AGENTα 
�����Κტ܃ኙᢌࠃᄐऱՕԺ֭Μ�Ϙࠃᄐϙ܂Ϙ֭གϙऱ 7+(0(��

ൕՂ૿ऱࠏݺଚאױࠩΔNPڇ VPխךאױᅝऱګ։ਢৰ᠆༄ऱ[�]Ζၞڇ۩ဲ

ᆠᙇᖗழΔݺଚᖕဲऱᆠᛩቼፖᆠႈૻࠫঞၞ۩ઌۿ৫ૠጩΔᏁᒔࡳຍଡ NP
ڇ VPᆠᛩቼխऱᆠΖ 

ፖ 3.5.1ऱ৸ሁઌٵΔݺଚՈאױආྒྷشᇢֺለऄࠐᇞެ NPऱګ։ᒔࡳംᠲΖՀ૿
ࢨϘNP+VPϙ࣍խዌၞ۩ಘᓵΔኙࡳϘVP+NPϙᣊऱࢨಾኙϘVP+DE+NPϙ
ϘNP+ऱ+VPϙীऱዌΔՈٵױᑌၞ۩Ζ 

 VP+DE+NPࢨ VP+NPዌխ VPऱխ֨೯ဲWordऱᆠᛩቼ㻽 

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

ࠡխ PWORDਢ VPऱଥ堸ဲΖ 



 

 

74               ᄘᖠΕޕഘટ 

 

ڶWऱԫଡᆠႈঞ RΚ 

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

ലWխऱאױଚݺ PARENTڻࠉཙང㻽ڇ RխڇۖڇژWխլڇژऱΔᅝྥ
ཙངऱؘႊլሔ֘ W խऱਬࠄኙګ։ޣऱऄૻࠫΔڕࠏᅝ W ਢլ֗ढ೯ဲழΔ
Parent༉լ౨ཙངګ㻽 THEMEΖParentཙང৵ࠩऱᄅᆠᛩቼW�’ፖ Rၞ۩ઌۿ৫
ऱૠጩΖᅝ Parentངګ Caseiழ࠷່Օऱઌۿ৫ଖ VΔ VՕ࣍ԫଡቃࡳᆠऱ⿃ଖΔ
ঞݺଚאױᒔࡳ Parentڇ VPխךᅝ Caseiऱᆠګ։Ζ 

� ,CASE�’1, Case�’2}࣠ڕ…,Case�’n}-{Case1,Case2,�…,Casem}= Δृࢨ V՛࣍⿃ଖΔঞ
।ࣔଥ堸ऱ NPڇ VPլ౨ךᅝٽᔞऱᆠګ։Δࢨᆠګ։լ౨ᒔࡳΖຍጟൣउڕ 

1ΚהխᑻऱஒࠥمႚၲԱΖ(Ϙஒϙ㻽Ϙהխᑻϙऱٵਐ) 
2Κ໌ֱ܂ऄৰૹΖ (ϘֱऄϙኔᎾՂਢϘ໌܂ϙऱϘֱڤϙګ։Δ܂໌܀ऱঞ
խڶኙϘֱڤϙऱૻࠫ༴૪) 

ኙ࣍Ղ૪ຍࠟጟऱൣउΔאױലဲፖຏشঞၞ۩Δ່ࠠڶՕઌۿ৫

ڇ㻽ଥ堸ဲ܂ױኙᚨऱࢬ VPխךࢬᅝऱᆠګ։Ζ 

 ᆠඈࣴၞ۩ዌඈࣴဲشܓ 3.6

ԫଡྒྷᇢᆖመऄ։࣫৵ױڶ౨㶷ڍسଡխၴ࣠Δຍ༉Ꮑኙխၴ࣠ၞ۩ေᏝΔ

ൕխᚌᙇנԫଡ່ᚌ࣠Ζၞܛ۩ዌඈࣴΖ 

ዧऱዌࣴᆠᙑጵᓤᠧΔڍऱዧ֮ߢᖂઔߒᖂृຟኙࠡၞ۩ԵऱઔߒΔࠀ

᜔ԱڍऱࣴᆠิٽڤΖ 

ऱխၴ࣠ᚨਢࠋᆠඈࣴऱഗ៕հՂΖ່ဲڇمኙዌࣴᆠऱೈዝጩऄਢ৬֮ء

່ฤٽᆠፖൄᢝऱΔۖ խၴ࣠ϘᚌᙇϙऱঞՈᚨਢᙇᖗ່የߩᆠऱዌΖڇϘપ

ழᝫࠩԱဲٵଚኙဲၞ۩ᆠႈᙇᖗऱݺছ૿տฯऱဲᆠඈࣴխΔີءϙඈࣴ֗ޔ

ऱေᏝ։ଖΔ،ଚ֘ਠԱဲڇᅝছቼխฤٽᆠऱ࿓৫Ζছ֮խࡳᆠԱဲऱૻࡳ

ᣂএΔ߷ࠄದૻش܂ࡳऱဲڇᅝছዌխದထᣂऱჸش܂Δ،ଚኙዌऱᆠࠠ

ૻٺലඈࣴࠩऱאױኙԫଡխၴ࣠ၞ۩ဲᆠඈࣴ৵Δڇଚݺڼڂऴ൷ऱᐙΔ່ڶ

ڶ㻽ᅝছ։࣫࣠ऱေᏝଖΖေᏝଖऱՕ՛ਢᚌᙇऱᖕΔࠠ܂ࡉऱေᏝ։ଖऱ᜔ဲࡳ

່ေᏝଖऱխၴ։࣫ዌ༉܂㻽່ึऱዌඈࣴ࣠Ζ 

 ጟࣴᆠΚࠟڇژ౨ױΚϘvp+np+ऱ+npϙዌڕࠏ

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

ຍࠟᇩױ౨ڇژ 4ጟࣴᆠዌΔኙ،ଚ։ܑၞ۩ဲᆠඈࣴΔࠩऱေᏝൣउڕՀΚ 
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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࠷ᛧٽႃٵᆠऱڇ ٵشࠌ㻽อૠறΔྒྷᇢழՈ܂ႃρ֮ڣ20
ᣊऱறΖྒྷᇢؾऱਢᛀ᧭נ༽֮ءऱඈࣴዝጩऄऱਢڶܡயΔٵழຏመխၴߢऱ

ዌᚌ֗࠷ᓳᖞऱإᒔەࠐဲᆠေᏝᑓীਢٽܡΖݺଚൕறխᙇ࠷Ա 2Δ000
ଡྒྷᇢၞ۩ඈࣴኔ᧭ΖՀ।ਢྒྷᇢऱਐᑑ֗ྒྷᇢ࣠Κ 

। 3.7 ྒྷᇢ࣠ 
ྒྷᇢਐᑑ� ਐᑑ༴૪� ྒྷᇢଖ�

ဲᆠඈࣴऱإᒔ� ဲᆠܒឰإᒔऱဲᑇ�ྒྷᇢறխࣴᆠဲऱ᜔

ᑇ�

�����

ዌඈࣴऱإᒔ� ዌᙇᖗإᒔऱᑇ�ྒྷᇢறխڍڶଡଢᙇ։

࣫ዌऱᑇ�

�����

ዌᓳᖞऱڃ״� ၞ۩ዌᓳᖞऱ࣠ᑇ�ྒྷᇢறխᏁၞ۩ᓳᖞ

ऱ։࣫࣠ᑇ�

�����

ዌᓳᖞऱإᒔ� ᆖ۞೯ᓳᖞ৵إᒔऱ࣠ᑇ�ၞ۩۞೯ዌᓳᖞ

ऱ࣠ᑇ�

�����

ྒྷᇢ࣠।ࣔΔشܓறऱٵᆠࠐዌທᆠऱᆠૻࠫঞΔၞڼאࠀ۩ဲ

ᆠඈࣴऱ৸უਢٽऱΖဲڇࠀᆠඈࣴऱመ࿓խٵழՈ౨ኔإᒔऱዌඈࣴΕ

ዌᓳᖞΖ 

3.7.2 ዝጩऄڇژऱംᠲ 

(Ѿ)ΚዝጩऄנބऱᆠঞਢࠠڶཏሙჸᣂএऱဲᆠඈࣴঞΔݺଚຏመᆠऱૻ
ԱګᆠૻࠫՕΙຍ༉ທڶ౨ᆠঞૻࠫऱศ৫ֺᆠႈᚨױڶዌທᆠႈऱঞΔࠐࠫ

㶷سऱᆠႈঞᆠศ৫መՕΖွڕࠏϘބϙԫဲΔ،܂ڇϘބԱࠟցᙒϙழऱᆠႈऱ
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|Ϙreturn܀ᣂऱΔڶᙒತࡉᎅਢࠐԫ᧯ࠃ࠹ᆠਢϘreturn|ᝫϙΔຍԫᆠႈխऱჸࡳ
ᝫϙऱᆠঞխऱࠃ࠹᧯ऱᆠᐛլԫࡳਢࡉᙒڶᣂΔຍ༉ױڶ౨ᖄીڕϘބϙ

խऱϘބϙՈᄎᎄᙇ㻽ϘReturn�”Ζ 

(ѿ)Κπवጻρխဲܶڶऱԫشߢ֮ࠄऄኙեឫԱဲᆠऱإᒔᙇᖗΖڕϘװϙԫ
ဲΔڇπवጻρխڶϘleave|ᠦၲϙऱᆠႈᇞᤩΔຍጟشऄڇ֮זխৰ֟נΔۖ،ऱ
 ϙऱᙇᖗΖװ|ᆠႈϘgoߠϙऱൄװኙᄎᐙϘڇژ

3.8  ՛ 

 ՀរΚڕڶዝጩऄࠠء

ਢԫᆠΔլွႚอऱ։ᣊဲࠢխᆠႈࡳଡᆠڍطπवጻρխဲऱᆠႈڇ (1)
ଡᣊזᒘΔຍᑌኙဲᆠႈऱრᆠ༴૪٤૿ףޓΔ᠆༄Ζ 

ױ৫ऱֺለၞ۩ဲᆠඈࣴΔۿᆠᛩቼၞ۩ઌڇࢬᆠऱঞፖᅝছဲشܓ (2)
 ᒔΖإዌऱဲᆠඈࣴڤᓤᠧ༽א

(3) ലඈࣴवᢝ৬ڇمᆠऱഗ៕ՂΔᆠऱᑇؾਢૻڶऱΔຍᑌᝩ܍Ա֫ՠᒳࠫ
Օᑓဲᆠඈࣴवᢝऱૹ೯Ζٵழᆠऱඈࣴवᢝਢەᆠऱٵႃ

ၦ܂ऱՠ࠷ऱΖຍᑌवᢝऱᛧ࠷ਢຏመኙறྤਐᖄᖂᛧٽΔۖຍԫႃٽ

ၞԫޡऱ྇֟ԱΖ 

ऱᆠਮߢኙխၴאױᆠඈࣴመ࿓խဲڇᆠႈऱေᏝዝጩऄΔဲشܓ (4)
ᔞᅝᓳᖞΖ 

 ଡ։࣫࣠ऱዌඈࣴΖڍழᇞެٵᆠඈࣴऱဲ۩ၞڇ (5)

4. ᜔ 

ዧᖲᕴխᇞެ։࣫㶷سऱნࣴᆠΕᆠࣴᆠΔࠩԫଡֺለړऱऄ։࣫

࣠Δؘႊ֧ၞᆠवᢝΔၞ۩ᆠ։࣫Ζ֮ءዌທԱԫଡ࣍شᖲᕴ֮ء։࣫ऱ

ᆠඈࣴᑓীΔ،౨ജٽᆠवᢝၞ۩ڶயऱဲᆠࣴΔၞԫၞޡ۩ዌࣴΖ 

 ՀរΚאڶอߓऱᆠඈࣴנ༽֮ء

1Κڇऄ։࣫መ࿓խၞ۩ऱપޔඈࣴՕՕ྇֟ԱխၴߢऱګسᑇؾΔ྇᎘Աಾ
ኙխၴ࣠ၞ۩ऱϘᚌᙇϙՠ܂Ζ 

2ΚڇϘᚌᙇϙऱֱऄխݺଚشܓԱൕறխዌທᆠႈᆠૻࠫঞऱֱऄΔ྇
᎘ԱԳՠࠫࡳᆠवᢝऱՠ܂ၦΖٵழᆠঞՈᝩנ܍ొشܓอૠၞ۩ᆠඈࣴ

ழኙᓤᠧڤऱய࣠լუऱွΖ 

3Κඈࣴመ࿓խנऱᆠႈေᏝଖࠌאױߓอګݙڇඈࣴऱٵழၞאױ۩ܑऱፖ
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ᆠڶᣂऱΔڕऄऱᓳᖞΖ 

ऱྒྷᇢ।ࣔࠏ᧭ኔΖኔچ᧯อխࠠߓᖲᕴڇऱᆠඈࣴᑓীբנ༽ࢬ֮ء

ຍԫඈࣴኙნࣴᆠΕዌࣴᆠਢڶயऱΖ 

լڶอΔᝫߓ᧭ਢԫଡኔᝫࠐ౨Ղפऱඈࣴᑓীൕ֮ءऱழၴᣂএΔߒઔ࣍ط

 ΚڕࠏΖֱچऱၞޏאױ֟

1Κ֮ءਢࣴဲڇࣴऱഗ៕Ղၞ۩ዌࣴΔەڼڂᐞԱൄشऱ༓ጟࣴᆠ
ڤΔᝫڶৰהࠡڍऱࣴᆠዌڶৱ᜔ፖΖٵழԫڕࠄϘپଇഘϙΔϘپՕ塊ϙ

ࠠڶऱᆠ᠏ངࣴᆠऱွΔᏁၞԫޡऱԵઔߒΖ 

2Κ֮ءऱᆠඈࣴᑓীಾኙኔᆠဲၞ۩Δኙ࣍ဠဲဲࣴᆠംᠲڶመچڍ
 ᐞΖە

3Κ֮ءຟਢዧऱࣴᆠඈࣴΔآ௫֗ࠩᒧີ్ऱՂՀ֮ቼᇞΖۖኔ
ᎾՂլ֟ࣴᆠᏁڇ࣋ՂՀ֮խթ౨אೈΖ 

ᆠඈࣴᑓীشࠌΔၞޏፖךᇖאףچխլឰ܂৵ᤉऱՠڇৱڶംᠲΔຟࠄՂຍא

 ΖشயΕኔڶףޓ

֮ە 
႑ݳ <ᓵࣴᆠዌऱᑨࢤڇ>πխ֮ᇷಛᖂρΔ1995Δร  (4)࠴9
รڣྉ <ࣴᆠᣊী>πխഏ֮ρ1984࠸ܨ 5ཚ 
႑ݳ <ࣴᆠᇞฃॣ൶>πૠጩߢᖂၞ୶ፖᚨشρ堚ဎՕᖂנठषΔ1995 
ਞऄΔ႓ᙘᔕΔ֮ޕ൸ <ഗ࣍ᆠवᢝऱዧऄዌඈࣴ> πխ֮ᇷಛᖂρร 13

ร࠴ 1ཚ 
Dan Roth. ϘLearning to Resolve Natural Language Ambiguities: A Unified Approach.�” 

AAAI-98, 1998 
᎓ᥳ૨πᖲᕴρΗশዿᛍΚশዿᛍՠᄐՕᖂנठषΔ2000 
Wilks, Y. Stevenson, M. �“Word Sense Disambiguation Using Optimized Combinations of 

Knowledge Sources�”, In Proceedings of joint COLING-ACL'98. 1998. Montreal, 
Canada. 

Philip Resnik ,David Yarowsky. A Perspective on Word Sense Disambiguation Methods and 
Their Evaluation. Proceedings of the SIGLEX Workshop "Tagging Text with Lexical 
Semantics: What, why and how?", pp. 79-86, Washington, D.C.  

ᇀࣟΔᇀൎΗπवጻρΗhttp://www.how-net.com 
᠏ངऱྤਐᖄဲᆠᑑֱࣹऄЇπ堚ဎՕᖂᖂρΰ۞ྥઝᖂठαΔ࣍ኑ Іഗ࣑௩Δ႓ޕ

รڣ1999  (7)࠴39
ම୮ᕐ πזዧჸࠢρዧՕဲࠢנठष. 1999ڣ 12ִร 1ठ 
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ഗء֮࣍ᄗࡉ࢚ kNNऱሀጟ֮ءመៀ 

  Cross-Language Text Filtering Based on Text 

Concepts and kNN 

 ᤕ*, ޕฯྗ*, ޕഘટ*, ֮֠৬* 

 Weifeng Su, Shaozi Li, Tanqiu Li, Wenjian You 

ኴ     

ऱ֮ᚾڇࢬऱᘋᔊ֪شנ֮Օၦऱᇷಛխመៀࢨൕխ֮אױտฯԫଡ֮ء

ऱᑓীΔشԫᜀױ։ᆠٻၦ़ၴऱٻၦࠐ।ࢬ֪شقტᘋᔊऱ֮ءΔྥ৵ނ

Ꮑऱ֮ءՈ।ګقԫଡױ։ᆠ़ၴխऱԫଡٻၦΔٻڇၦ़ၴխፖ k
ଡ່ઌ२ऱٻၦၞ۩ૠጩΔൕۖެࡳਢܡലᇠ֮ܧء֪شΖኔ᧭ᢞࣔΔຍ

ਢԫଡֺለړऱመៀֱऄΖ 

ᣂڗΚױ։ᆠΕٻၦ़ၴΕkNNΕ֮ء।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

ᙟထڂጻڇהࠡࡉᒵᇷಛᇷᄭऱ߰ෳ࿇୶ΔՕၦऱᇷಛཛԳଚྂࠐΔᖕอૠભഏޢଡ

ՂఄԳؓ݁ࠩگ֚ޢ 80ሽၡٙΔᅝྥ㠪૿ܶץՕၦऱྤشऱ݃ࡑၡٙΔ᧩ྥ࣠ڕ
ኙຍࠄၡٙດԫक़၄ৰڍழၴΔۖױڶ౨ᖿ࿇ਬࠄఐၡٙൕۖధᡏሽᆰߓ

อΔٵᑌऱൣནנڇڍᙄֆᛩቼխΔڍԳݦඨ౨ڇڍऱᖵܑृࢨԳಬሒऱሽ

֮ءᅝխطሽᆰ۞೯ਗנ۞ա່ტᘋᔊऱփ୲Ζ 

መៀਢਐൕՕၦऱᄭءऱԫጟৰૹऱֱऄΖ֮ءऱ֮شڶנመៀਢ۞೯։ਗء֮

ᇷಛխመៀ່ࠄ߷נฤ֪شٽᏁޣऱᇷಛႚಬ֪شΔۖሀጟ֮ءመៀਢਐᄭᇷಛխ

شנΔൕխመៀߢጟڍڶխ༉ܶءਬଡ֮ृࢨΕዧαΔڕΰֺߢጟڍܶץ

ጻՂΔሀጟڂഏऱڶڇऱΖߢጟڍ౨Ոਢױءऱ֮נΔመៀءᏁऱ֮ࢬ֪

መៀࢬנऱᇷಛ༉᧩ޓ㻽ૹΖނڇՕၦऱᇷಛಬ֪شհছመៀൾ߷֪شࠄլტ

ᘋᔊऱࣟ۫Δຍֺڶڇයٙ৵Δګਬጟߢመ৵٦ၞ۩መៀޓ౨ઊൾ֪شՕၦऱ壄

ԺࡉழၴΔሀጟመៀߓอኙࠄ߷࣍ኙᏁຍԫጟऱᇷಛۖԾኙᇠߢ༳༽լړऱ

 ܑૹΖ֪ش

ጟհၴऱઌյ᠏ٵኔլࠐऄֱڍԱנመៀֱ૿ΔԳଚբᆖءሀጟ֮ڇ

ངڤݮΖ່ॣԳଚਢ༼נԫጟഗ࣍൳ࠫნऱֱऄ[TRANSLIB 1995]Δء֮ނܛ।ګق
ԫࡳࡐࠄऱဲΔ֪شऱᏁޣՈ।ګقຍࡳࡐࠄნΔྥ৵ၞ۩Ζຍଡֱऄ່Օऱ

ະਢნؘႊױڇጥऱᒤհփΔۖԫ؟ნ၌ױנጥऱᒤΔঞࠡڃ״ࡉ壄ᒔ

ঞ߰ຒՀ૾Δۖء֮ނ۶ڕ।ق㻽ნؾছՈڶԫଡৰړऱֱऄΖ 

൷ထԾڶԳ༼נഗࠢڗ࣍ऱֱऄ[L. Ballesteros 1996]Δ༉ਢᒳᙀԫڍءނࠢڗਬ
ጟߢऱ֮ء।ڤݮຏመ।ګقԫጟߢऱ।ڤݮΔൕۖࠄ߷ࠌጟߢՂ

ऱ֮ءመៀݾאױᚨڍ࣍شߢऱ֮ءመៀΔຍଡֱऄᓵՂਢױڶ౨ऱΔ܀ਢࠟڶ

ଡֱ૿ऱڂথૻࠫԱ،ऱᚨشΖଈ٣ਢԫဲڍᆠऱွΔڇխԫଡဲױ౨ګ

༓ଡრ৸Δૉ༓ଡრ৸٤ຟආشঞՕՕ૾܅Ա壄ᒔΔૉආشਬԫଡრ৸Δঞױڶ౨૾

ٵլ࣍طऱွΔဲڍΖรԲਢԫᆠ܅ᄕڃ״༉ᙇᖗᙑᎄۖᖄીءृࢨΔڃ״܅

ऱױृ܂౨شլٵऱဲࠐ।ሒٵԫଡრ৸ۖᖄીڃ״Հ૾Ζ 

ၞ࢚ऱᄗܶץࢬဲނΔۖਢ࢚։࣫ᄗࠐଚլൕဲຍԫ్ݺԫጟᄅऱ৸ሁΔנ༽֮ء

۩։ᇞΔ٦ኙ։ᇞመ৵ऱᄗၞ࢚۩։࣫Δൕ֮ۖࠩءऱᠲࢤࡉᔆΖࠡኔᣊۿऱ৸უ
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ऱګଚᆖൄൕࠡዌݺᔆழΔࢤଚ։࣫ਬጟढᔆऱݺڕΔֺࠩشᖂઝᅝխᆖൄྥ۞ࠄԫڇ

։ࢨֽؓऱࢤᔆၞ۩։࣫ྥ৵٦ࠩढᔆऱࢤᔆΖ 

2. መៀᑓীऱߓอዌ 

ၦ़ٻၦΔٻၦ़ၴխऱԫଡٻ㻽ګق।ء֮ܛၦ़ၴᑓীΔٻਢݾऱشଚආݺ

ၴऱᚌរਢല֮ءփ୲᠏ང࣐ګ㻽ᑇᖂऱٻၦֱڤΔࠌٺጟઌۿሎጩࡉඈګݧ㻽

ய࣠ΖړߜԱ࠷Δشኴֱ૿ᛧᐖऑᚨء֮ࡉመៀءᛀΕ֮ء֮ڇΔ ڼڂ౨Ζױ
መៀΖࠡ۩ၞء֮ऱ֮ࡉኙխ֮࣍شאױመៀᑓীءၦ़ၴऱ֮ٻ࣍ऱഗנ༽ࢬ֮ء

ഗء৸უਢଈࠎ༽ࢬ֪ششܓ٣ऱޗறࠐᛧ֪ش࠷ऱᑓࣨΔྥ৵֪ششܓᑓࣨܒࠐឰਬ

ԫ֮ٙਢܡፖ֪شᑓࣨઌ२Ζ 

ڶอߓઔ፹ऱπवጻρ[ᇀࣟ ]ΔᇠࢬسԱᇀࣟ٣شଚආݺ 53000ଡխׂ֮
ࡉ 57000 ဲΖπवጻρਢԫଡאዧࡉऱဲזࢬ।ऱᄗ࢚㻽༴૪ढٙΔ
փ୲ऱൄᢝवᢝΔπवءհၴऱᣂএ㻽ഗࢤऱ᥆ڶࠠࢬ࢚ᄗ֗אհၴ࢚ፖᄗ࢚ᄗق༿א

ጻρආشᆠࠐ।قᄗ࢚Δᆠਢ່ഗءऱΕլ٦࣐࣍։໊ऱრᆠऱ່՛ۯΔݺଚ

უڶࢬऱᄗ࢚ຟאױ։ᇞٺګጟٺᑌऱᆠΖᇀࣟנ࠷༽س٣Ա شࠀଡᆠΔڍ1500
،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ᆠګ։ᇞ࢚ᄗނ
“computer”ຍԿଡဲΔڇπवጻρ㠪݁ࡳᆠ㻽“computer|ሽᆰ”Δຍᑌݺଚ༉ނאױ،ଚီ
㻽ᄗ࢚ٵऱԿଡဲΖࠡኔൕຍଡᐋ૿ՂࠐᇞΔݺଚނאױਬଡဲऱխ֮რ৸ٵ

ᑌ܂ਢԫଡԫᆠဲڍऱԫጟڤݮΔຍᑌᇞެړԱඈݡऱംᠲΔݺଚࠀլᏁ

༉אױᇞެሀጟऱംᠲΔۖڂൕᆠຍԫଡᐋ૿Ղࠐᎅݺଚऱֱऄאױᎅਢԫጟ

ፖྤߢᣂऱֱऄΖ 

։ױ։ᆠፖլױᆠ։㻽ނ։ᆠΖױլࡉ։ᆠױᆠᤉᥛ։㻽ࠟᣊΚނଚݺ

ᆠਢൕאՀֱࠟ૿ەᐞऱΚ 

•  ਬԫᆠૉਢڇਬԫᣊᠲऱ֮ᚾᅝխנ᙮৫။Δঞᎁ㻽ᇠᆠፖຍԫᣊ
ᠲ။ڶᣂএΖ 

•  ਬԫᆠૉਢڇறխڶࢬऱ֮ᚾᅝխנऱ᙮৫။Δঞᎁ㻽ᇠᆠڇ։
 ။Ζش܂ᠲऱ

ᔆऱᆠΔࢤऱڶࠄԫ࢚ᇠᄗנਐࠐشऄΔߠለൄֺࠄ߷։ᆠਢਐױլڼڂ

ଚլඈݺઌ։ऱᆠΖૉ࢚ፖܑऱᄗױऱૹऱ࢚ᇠᄗق౨।ࠄ߷։ᆠঞਢਐױۖ

ೈൾլױ։ᆠΔঞ࣍طլױ։ᆠऱለऱנ᙮Δ༉ױڶ౨ᎄᖄݺଚΖױ։ᆠ

 Ζۯچထૹऱอխߓءڇ

 ՀΚڕऄֱࡳܒ։ᆠऱษฃױլࡉ։ᆠױ
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ൕறխᙟᖲ࠷ࢼ 500ᒧٺᣊऱ֮ີΔڇኙຍၞີ֮ࠄ۩։ဲհ৵Δဲނ։ᇞګ
ઌᚨऱᆠΔࠀኙຍࠄᆠၞ۩อૠΔૉਬଡဲݡڶᆠΔঞނᇠဲऱڶࢬრᆠၞ۩ូԫ

ױਬଡଖऱ٨㻽լ࣍ᆠऱอૠଖ࣍Δኙڤԫຏᗴᛀ࿓ࡳԵอૠΔףലࠡᆠࠓ

։ᆠΔࠡ塒ऱᆠࡳ㻽ױ։ᆠΖ 

ঞᄎֱچऱٵլڶΔૉਢشழᔞٵ֮֮ᚾࡉխ֮֮ᚾ࣍ኙݾऱࠩشࢬՀ૿֮ء

։ܑਐנΖ 

3. መៀᑓীऱૠࡉኔ 

 ऄֱق।ء֮ 3.1
㻽قၦ़ၴ।ٻၦΖٻၦ़ၴխऱԫଡٻ㻽ق।ءၦ़ၴᑓীΔ֮ٻਢݾऱشଚආݺ

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

।ሒࢬ।֮ٙז౨່ࠄ߷ڶၦΔٻءዌທ֮࣍شऱဲຟڶࢬॺ֮ٙᅝխࠀۖྥ

ऱრ৸ऱဲՈ༉ਢᣂڗნױࠐشዌທٻၦΖݺଚאױආشอૠऱֱऄࡳެࠐୌࠄ

ნਢᣂڗნΔᝫڶΔ࣍طნऱݡᆠΔݺଚՈ܂ԫࡳ࿓৫ՂऱඈݡΖ֮ء।ֱقऄ

 ՀΚڕូױ

۩ၞΔঞء֮֮࣍ᑑࣹΔۖኙࢤਔဲऱ֊։Εဲץءխ֮֮࣍ቃΖኙء֮

 ᑑࣹΖࢤဲ

ᣂ࠷༽ڗΖڇ֮ءխװೈڶࢬ᥆࣍Հ٨ऱဲΚগဲΰڕ a, the, anαΕտဲ
ൕऱ೫ࡉຑ൷ࢨ ΰဲڕ in ,to ,ofαΕൣኪ೯ ΰဲڕ would, mustαࡉຑ൷ ΰဲڕ andα
Δڇխ֮֮ءխװೈڶࢬऱဠဲΔຍᑌء֮ڇխ༉ໍՀऱဲቝဲټΕ೯ဲΕݮ୲

ٵଚլ،ق।ࠐऱᦞଖٵऱဲᓿղլࢤጟဲٺאױଚՈݺΖݧڗᣂګݮ೫ဲΔࡉဲ

ऱૹࢤΔԫۖߢΔဲټᓿ່אՕऱᦞଖΖኙڇࠄ߷࣍ᑑᠲΕଈΕأΕଈΕ

נݠऱဲՈאױᏺࠡףᦞૹΖݺଚՈאױԫଡᎺଖΔנࠄ߷ނ᙮࣍܅ᇠ᙮

ऱဲװೈΖ 

ᣂڗᄗ࢚ඈݡΖመڍऱݡᆠᄎჾ୭ݺଚٻၦ।قᇠ֮ءऱய࣠Δ֠ࠡᅝਬଡဲڇ

ᇠ֮ءᅝխֺڶ۾ለૹऱۯچழΖඈݡऱഗء৸უਢᖕՂՀ֮ဲऱᆠኙᇠဲ㻽ਬ

ԫრ৸ၞ۩ᄗอૠΖࠡ৸უਢΚڇԫᒧ֮ີᅝխΔਬଡဲᄎኙՂՀ֮ऱဲش㶷س

ᐙΔຏመՂՀ֮ࡳܒאױਬଡဲऱრ৸ൕۖၞ۩ඈݡΔءڇᑓীՀΔထૹەᐞࠡՂՀ

֮ᅝխࠡהऱᣂڗऱᆠፖᇠဲऱᆠאྤڶՀൣउΚ 
a.ڶઌױٵ։ᆠΔ 
b.ޗற-ګᣂএΔ 
c.ਜࠃ/ᆖ᧭ृ/ᣂএٙࠃ-᧯ᣂএΔ 
d.ࠃ࠹/փ୲/Ꮖ᥆ढ-ٙࠃᣂএΔ 
e.ՠࠠ-ٙࠃᣂএΔ 



 

 

84                 ᤕ  

f.ٙࠃ-ࢬᣂএΔ 
g.ழၴ-ٙࠃᣂএΔ 
h.ۥߡ-ٙࠃᣂএΔ 
i. ઌᣂᣂএΖ 

։ױ։ᆠፖᇠဲऱਬଡრ৸ऱਬԫױଡڶᅝխڗՂՀ֮ऱਬଡᣂࠡ࣠ڕ

ᆠڶՂ૪ᣂএΔঞᏺףᇠრ৸ऱᦞૹΖ 
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 Κဲऱᆠऱᦞଖऱᓳᆏ 

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։ᆠᑇؾ) 
  FOR M=1 TO  (ဲ wऱრ৸ᑇؾ) 
    FOR O=1 TO  (WSJऱױ։ᆠᑇؾ) 
     IF CSI JK ፖ WCSJK ڶՂ૪ᣂএ THEN Weight(WSJ)= Weight(WSJ) 

+1 
     ENDIF 

ENDFOR 
ENDFOR 

            ENDFOR 
            ENDFOR 

ENDFOR 

ଚݺൎΔᅝྥףᦞଖۖࠩףፖՂՀ֮ઌᣂऱრ৸ຟຏመᏺࠄ߷Δဲऱڼط

ᝫኙၞڼ۩ូԫ֏Δࠡូԫ֏ऱֆڕڤՀقࢬΚ 

i
i

i
i

WSWeight
WSWeight

WSwt
)(

)(
)(                 ΰ1α 

          ࠡխ i ਢᇠဲऱრ৸ऱݧᇆΖ 
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ᣂဲᖕࠡᆠࠄຍނଚݺհ৵Δݡඈࡉ࠷༽ڗᆖመԱᣂڇၦΖٻԫګق।ء֮

ᦞଖਊᅃवጻ㠪ऱဲࡳᆠ։ᇞګ㻽ᆠΔװڇࠀೈԱլױ։ᆠհ৵Δݺଚආشዝ

ጩऄ 2խऱֱऄૠጩױٺ։ᆠΔ֮ٙ༉।ګقԱױ։ᆠ़ၴխऱԫଡٻၦΖ 
ዝጩऄ  ၦዝጩऄٻ։ᆠ़ၴऱԫଡױګقԫଡ֮ٙ।ނ 2

VK— ٻၦխऱ։ၦऱଖ 
SMI JK—ร Iଡᣂڗร Jଡრ৸ऱร Kଡױ։ᆠ 
Weightof(SM)—ਬଡױ։ᆠऱᑑၦଖ 
wt(SI J)Ёร Iଡᣂڗร Jଡრ৸ऱᦞଖ 
ٻၦऱޢଡ։ၦଖᓿॣଖ 0 
FOR I:=1 TO  (ᣂڗऱᑇؾ) 
ʳ FOR J=1 TO  (ร Iଡᣂڗऱრ৸᜔ᑇ) 

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

          ENDFOR 
        ENDFOR 

 قᑓࣨ।֪ش 3.2
ଈࠎ༽֪ش٣ mᒧࠡࢬტᘋᔊऱ֮ᚾΔ㻽Աᏺ֪شףᘋᔊऱ֮ٻڇءၦ़ၴխऱയ৫Δ
ԫޣ m>50ΔආشՂ֮ࢬ૪ऱֱऄނຍء֮ࠄ।ق㻽ױ։ᆠ़ၴխऱٻၦΔຍࠄ
ଚ༉ݺመៀழΔء֮۩ၞڇΖࠏق֪شଚጠࠡ㻽ݺΔࠏقᘋᔊऱ֪ش।ᇠזԱګၦ༉ٻ

ਢൕࠏق֪شխנބ kଡፖڇإመៀऱ່֮ء㻽ᔣ२ऱٻၦ܂㻽ᔣٻࡺၦၞ۩։࣫Ζ 

 ৫ऱૠጩۿઌء֮ 3.3
ΰ1αڤຏመֆאױ৫ۿऱઌءၦΔࠟଡ֮ٻၦ़ၴխऱԫଡٻ։ױګقբ।ءΔ֮ڼ۟
խऱ܇ଖ।قΔࠡଖ။ՕΔঞ।قຍࠟଡ֮ءऱᠲ။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։ᆠ़ၴऱٻၦΔࠏق֪شڇխΔشܓֆڤΰ2αਗ
ᙇנ kΰk<<mαଡፖհ່ઌ२ऱᔣء֮ࡺΔᖕֆڤΰ3αૠጩ،ፖຍ k ଡ֮ءऱઌۿ
࿓৫ SiΔࠡଖ။Δঞݺଚ rᎁ㻽،။ਢࢬ֪شტᘋᔊऱ֮ءΖ 
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ᖕאױଚݺᅝխΔء֮ڶࢬᏁመៀऱࢬڇ Siၞࠐ۩ઌᣂ৫ඈ֘ݧ墅֪شΔՈױ

ԫᎺଖא tΔᅝਬ֮ءፖ֪شᏁޣऱઌᣂ৫Օ࣍ tழঞᎁ㻽ᇠ֮ءฤ֪شٽᏁޣΔ֮ނ
ڇ֪شໂאਬڇژࢨೈװء֮ڶࢬᇠଖऱ࣍܅ނΔ֪شڃ१ݧਊઌᣂ৫Օ՛ऱႉء

ऱ֮נመៀࢬଚݺڶࢬᎁ㻽༓֪شΔૉװᐞၞە墅ڃऱ֪شނאױଚݺழΖ़ڶ

ٙຟਢࢬהტᘋᔊऱΔঞݺଚױᓳ܅ t ଖΔ֘መࠐΔૉڶৰء֮ڍլฤ֪شٽऱᘋᔊΔ
ঞݺଚᓳ tଖΖ 

 ᣊܑऱូᣊء֮ 3.4
شଚආݺ kNNऱֱऄΖଈݺ٣ଚಝᒭऱழଢΔݺଚނຍࠄբᆖ։ړᣊऱਊਢܡ㻽֪شऱ
Ꮑ٤ຝਊՂ૪ֱऄ।ױګق։ᆠٻၦ़ၴऱٻၦΔኙԫᄅၞࠐऱԫଡᄅऱ֮ءΔݺ

ଚආشՂ૿ऱֱऄ᠏֏㻽ױ։ᆠٻၦ़ၴխऱ़ၴٻၦΔ㻽 dΔൕխנބ k ଡፖ
່ࠡ㻽ᔣ२ऱٻၦΔྥ৵ᛀຍ k ଡբᆖᒔړࡳᣊܑऱٻၦऱᣊܑ܂㻽ຍଡٻၦऱᣊ
ܑΖຍ kଡٻၦऱᦞૹאױຏመࠡፖ dऱઌ२࿓৫ၞ۩ᓿଖΖ 

kNNਢԫଡഗ࣍ᒤࠏऱᖂऄΔࠡऱૠጩၦਢൕٻၦ़ၴխנބ kଡ່२ऱᔣ
ழၴᓤᠧ৫㻽ࡺ O(L*N)Δࠡխ Lਢױ։ٻၦ़ၴऱױ։ᆠᑇؾΔN㻽ױ։ٻၦ़ၴխ
ऱಝᒭ֮ءऱᑇၦΖ 

kଖऱᒔֱࡳऄΚ 

ᒔᎁࠐ՞ऄ࿆شආଚݺ 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 Iଡ֮ءऱᣊܑΔ࣠ڕઌΔঞ 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᧭։࣫ 

ტᘋᔊऱփ୲ઌ२ऱխ֮ࢬהԱࠎ༽ຟ֪شऱኔ᧭ᇷறΔຍԶଡ֪شଚᛧԱԶଡݺ

ٺء֮ 60ᒧ܂㻽ઌᣂ֮ءΔࠎ༽؆ 1000ᒧࠡהփ୲ऱ֮܂ء㻽եឫ֮ءΔࠡխխ
ٺ֮ 500ᒧΔኙޢ࣍ଡ֪شΔݺଚشࠌൕࠡࠎ༽ࢬऱઌᣂ֮ءᙟᖲ࠷ࢼխ֮֮ٺء 30
ᒧዌທ֪ࠡشᑓࣨΔࠡ塒ऱઌᣂ֮ءፖեឫ֮ءᠧԫದዌګԱྒྷᇢႃΔݺଚ༉უൕࠡ

խመៀࠄ߷נઌᣂ֮ءΖ 

נଚመៀݺਢਐڃ״壄ᒔΖࡉڃ״ଚऱᑓীΚݺေᏝࠐԱࠟଡᑇشࠌଚݺ

ऱઌᣂ֮ڶࢬءઌᣂ֮ءऱֺΔ壄ᒔਢਐݺڇଚڶࢬመៀנऱ֮ءᅝխΔઌᣂ֮

ᄎڃ״Ղ֒Δঞ壄ᒔᄎՀ૾Δۖ壄ᒔՂ֒Δঞڃ״ΔߢऱֺΔԫۖࢬء

Հ૾Ζ 

। 1༉ਢݺଚኔ᧭ऱ࣠Δ࣠।ࣔشᇠֱऄၞ۩መៀऱֱऄய࣠ॺൄړΔ壄ᒔ
ৰΔڇኔᎾᚨشᅝխΔݺଚᝫ֪֘شނאױ墅ऱൣउەᐞၞװΔױګݮᖕ֪شऱᘋ

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ᒔࡉڃ״ऱ֪شᇠֱऄऱԶଡشࠌ1

 Κڂ࣠ऱړለس։࣫ຍଡመៀᑓী㶷ࠐՀ༓ֱ૿אൕאױଚݺ

࿓ۿ։ᆠ़ၴխૠጩઌױڇႊᆠΔګຟ։ᇞ࢚ऱᄗڶࢬፂ։़࣫ၴΚ܅ .1
৫Δຍᑌݺଚ༉ૠጩ 600ଡؐ׳ऱױ։ᆠۖլਢ 100000ଡؐ׳ऱխ֮
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ဲΔ܅૾ڼڕፂᑇױᄕՕچ༼ڃ״ΔᝫڶΔ܅૾אױૠጩᓤᠧ৫Ζ 

2. ઌᣂ։ၦଖለՕΚֺڇڕԫᒧఐԳՂ᠔ೃװఐऱ֮ء㠪Δױ౨ᄎᄎנڍᣊ
Ϙ᠔एϙڶܶץຟဲࠄϙΕϘ᠔ೃϙΕϘए᛭ϙׂΔຍسϘఐԳϙΕϘ᠔ۿ

ᆠΔൕۖࠌϘ᠔एϙຍଡᆠ։ၦऱଖֺለՕΔຍᑌ༉౨ડ֮ءנऱࢬᝑ

૪ऱփ୲ਢᣂ࣍᠔᛭ຍԫֱ૿ऱΔຍ࣍ܗڶ༼壄ᒔፖڶ״Ζ 

3. եឫႈለ֟ΚᆖመԱᣂ࠷༽ڗΕဲඈࡉݡլױ։ᆠऱװೈ৵ΔໍࢬՀऱᆠ
Օڍፖ֮ڶءૹऱᜤᢀΔۖ ፖ֮ءઌᣂ৫ለ֟ऱࠡה։ၦऱଖઌֺհՀࣔ᧩

ለ՛Ζ 

ၦٻءၦፖ֮ٻ֪شאࠀၦΔٻ㻽ԫଡګق।֪شނଚݺᅝխΔ܂ছऱՠאଚݺڇ

ऱ݈ࠐߡ।ء֮قፖ֪شऱઌᣂࢤΔۖආشԱ kNNݾΔאڇױՀຍ૿ֱࠄ᧯ࠡנᚌ
ႨΚ 

1. ଈ٣ኙ࣍ਬԫଡױ֪ش౨ֺڶለᐖऑऱᘋᔊΔঞٻ݁ؓࠡ࠷ၦױ౨ᄎᖄીֺለՕ
ऱᎄΖ 

2. ኙٵ࣍ԫଡᏆΔլٵ᧯ဪऱ֮ີࠡٻڇၦ़ၴᅝխՈױ౨ڶለՕऱ၏Δؓ࠷
 ለՕऱᎄΖګၦՈᄎທٻ݁

ለڶຍଡመ࿓ᅝխՈڇࠀለ㻽ᙈᒷΔ᧢ޏၦऱٻΔؓ݁֏᧢سᘋᔊ㶷֪ش࣠ڕ .3
ՕऱᎄΖ 

ۖ kNNঞ৾৾ઌ֘Δ 

1. ૉֺڶ֪شለᐖऑऱᘋᔊΔঞٻڇၦ़ၴᅝխګݮլٵᜀऱٻၦΔ༉ڶױլٵऱ
ᔣࡺΖ 

2. ኙٵ࣍ԫᏆۖլٵ᧯ဪऱ֮ີΔՈٻڇױၦ़ၴխګݮլٵᜀऱٻၦΔዌګլ
 Ζࡺऱᔣٵ

3. ૉ֪شᘋᔊ࿇س᧢֏Δࠎ༽ڻ٦ᄅऱࢬᘋᔊऱ֮ءΔٻڇၦ़ၴᅝխ༓լ
 Ζشໂאၦٻঅఎ៱ऱױၦऱᐙΔٻऱ៱࠹

ࠡᚌႨڇױቹ ቹࡉ1 2 ᧯ࠐנΖ 
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5. ޔ 

ൕጻሁᇷಛࣚ೭Ꮑנޣ࿇Δݺଚᎁ㻽ؘڶኙᇷಛᄭऱᇷಛၞ۩መៀΖנ༽֮ءԱԫଡ

ኔ᧭݁।ࣔΔࡉመៀऱᑓীΔᓵء֮۩ၦ़ၴᑓীऱֱऄၞٻش։ᆠ़ၴխආױڇ

ᇠᑓীֺࠠڶለړऱመៀய࣠Δൕຒ৫ࣚࡉ೭ࢤ౨ՂሒࠩԱለړ࿓৫Ζ 

ઌᅝ࿓৫Ղᄎڇٽऱֱऄઌڗຍጟֱऄፖᣂނଚ࿇ݺᑓীऱኔመ࿓խΔڇ

༼መៀऱࢤ౨ΔຍലਢݺଚՀԫޡઔߒऱؾᑑΖ 

֮ە 
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䨞ቹ 1 kNNࡉٻၦࠐ।֪شقᏁޣऱڃ״ऱֺለ 

䨞ቹ 2 kNNࡉٻၦࠐ।֪شقᏁޣऱ壄ᒔऱֺለ 
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