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A.       

 

  

PER "Michael", "John", "David", "Thomas", "Martin", "Paul" 

ORG "Corp", "Commission", "Inc", "Union", "Party", "Bank" 

LOC "England", "Germany", "Australia", "France","Russia", "Italy" 

MISC "Palestinians", "Russian", "Chinese", "Russians", "English", "Olympic" 

 

   = 0.5 

PER "Michael", "John", "David", "Martin", "Thomas", "Kong" 

ORG "Corp", "Commission", "Inc", "Union", "Party", "Bank" 

LOC "England", "Germany", "Australia", "France", "Russia", "Italy" 

MISC "Palestinians", "Russian", "Chinese", "Dutch", "English", "Olympic" 

 

   = 0.2 

PER "Michael", "Kong", "Clinton", "Johnson", "Hong", "Le", "Ahmed" 

ORG "Corp", "Union", "Commission", "Party", "Los", "EU", "Marseille" 

LOC "England", "Germany", "Australia", "France", "Russia", "Iraq", "China" 

MISC "Palestinians", "Russian", "Chinese", "English", "Dutch", "Olympic", 

"EASTERN" 

 

   = 0.1 

PER 'Michael', 'Clinton', 'Kong', 'Johnson', 'Hong', 'Le’ 

ORG 'Corp', 'Los', 'Marseille', 'Union', 'EU', 'Essex' 

LOC 'England', 'Iraq', 'Germany', 'Russia', 'Australia', 'China’ 

MISC 'Palestinians', 'English', 'Russian', 'EASTERN', 'Major', 'CENTRAL' 

 

   = 0.05 

PER ‘Michael', 'Clinton', 'Kong', 'Hong', 'Hasina', 'Johnson' 

ORG ‘Corp', 'Essex', 'Marseille', 'Los', 'Hamburg', 'Sussex' 
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LOC ‘England', 'Iraq', 'Moscow', 'Jordan', 'Indonesia', 'Russia' 

MISC ‘Palestinians', 'EASTERN', 'Major', 'English', 'CENTRAL', 'WESTERN' 

 

   = 0.01 

PER ‘Michael’, ‘Hasina’, ‘Keter’, ‘Bahadur’, ‘Azad’, ‘Bengali’ 

ORG ‘Corp’, ‘Strasbourg’, ‘Pauli’, ‘Essex’,‘Hamburg’,‘Hassania’ 

LOC 'England', 'Mahala', 'PACIFIC', 'DAKOTA', 'KS', 'RED' 

MISC ‘Palestinians’,‘Major’,‘EASTERN’,‘CENTRAL’,‘ERA’,‘NATIONAL 

 

   = 0.001 

PER 'Michael', 'Hasina', 'Keter', 'Bengali', 'Azad', 'Bahadur’ 

ORG 'Corp', 'Strasbourg', 'Hassania', 'Pauli', 'Krylya', 'Zizkov' 

LOC 'England', 'Mahala', 'PACIFIC', 'DAKOTA', 'KS', 'RED' 

MISC 'Palestinians', 'ERA', 'Major', 'EASTERN', 'CENTRAL', 'NATIONAL’ 

 

B. Top k     (  = 0.1)  

 

 k = 4 ( ) 

PER "Michael", "John", "David", "Thomas" 

ORG "Corp", "Inc", "Commission", "Union" 

LOC "England", "Germany", "Australia", "France" 

MISC "Palestinians", "Russian", "Chinese", "Dutch" 

 

 k = 4 ( ) 

PER “Michael”, “Clinton”, “Kong”, “Johnson” 

ORG “Corp”, “Los”, “Marseille”, “Union” 

LOC “England”, “Iraq”, “Germany”, “Russia” 

MISC “Palestinians”, “English”, “Russian”, “EASTERN” 

 

 

 k = 10 ( ) 

PER "Michael", "John", "David", "Thomas", "Martin", "Paul", "Johnson", "Kong", 

"Clinton", "Robert" 

ORG "Corp", "Inc", "Commission", "Union", "Bank", "Party", "Co", "Ltd", 

"Council", "House" 
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LOC "England", "Germany", "Australia", "France", "Russia", "Italy", "India", 

"Belgium", "China", "London" 

MISC "Palestinians", "Russian", "Chinese", "Dutch", "Russians", "English", 

"Palestinian", "Olympic", "Republican", "Turkish" 

 

 k = 10 ( ) 

PER "Michael", "Clinton", "Kong", "Johnson", "Hong", "Le", "Williams", "Ahmed", 

"Jones", "La"  

ORG "Corp", "Los", "Marseille", "Union", "EU", "Essex", "Party", "Sussex", 

"Hamburg", "Utrecht" 

LOC "England", "Iraq", "Germany", "Russia", "Australia", "China", "Moscow", 

"France", "Israel", "Indonesia" 

MISC "Palestinians", "English", "Russian", "EASTERN", "Major", "CENTRAL", 

"Chinese", "WESTERN", "Dutch", "DUTCH" 

 

 

 k = 15 ( ) 

PER "Michael", "John", "David", "Thomas", "Martin", "Paul", "Johnson", "Kong", 

"Clinton", "Robert", "Hong", "Scott", "Peter", "Ahmed", "Tom" 

ORG "Corp", "Inc", "Commission", "Union", "Bank", "Party", "Co", "Ltd", 

"Council", "House", "Association", "Department", "EU", "Ministry", "Angeles" 

LOC "England", "Germany", "Australia", "France", "Russia", "Italy", "India", 

"Belgium", "China", "London", "Netherlands", "Britain", "Spain", "Iraq", 

"Sweden" 

MISC "Palestinians", "Russian", "Chinese", "Dutch", "Russians", "English", 

"Palestinian", "Olympic", "Republican", "Turkish", "Indian", "Wimbledon", 

"EASTERN", "CENTRAL", "WESTERN" 

 

 k = 15 ( ) 

PER "Michael", "Clinton", "Kong", "Johnson", "Hong", "Le", "Williams", "Ahmed", 

"Jones", "La", "Smith", "Khan", "Davis", "De", "States" 

ORG "Corp", "Los", "Marseille", "Union", "EU", "Essex", "Party", "Sussex", 

"Hamburg", "Utrecht", "Milan", "Yankees", "House", "Barcelona", "Commission" 

LOC "England", "Iraq", "Germany", "Russia", "Australia", "China", "Moscow", 

"France", "Israel", "Indonesia", "Beijing", "Belgium", "Jordan", "India", 

"Ukraine" 

MISC "Palestinians", "English", "Russian", "EASTERN", "Major", "CENTRAL", 

"Chinese", "WESTERN", "Dutch", "DUTCH", "Olympic", "NATIONAL", "ENGLISH", 

"Indian", "AMERICAN" 

 

 

 k = 20 ( ) 

PER "Michael", "John", "David", "Thomas", "Martin", "Paul", "Johnson", "Kong", 

"Clinton", "Robert", "Hong", "Scott", "Peter", "Ahmed", "Tom", "Le", "Jones", 

"Smith", "Ian", "Williams" 
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ORG "Corp", "Inc", "Commission", "Union", "Bank", "Party", "Co", "Ltd", 

"Council", "House", "Association", "Department", "EU", "Ministry", "Angeles", 

"Los", "Marseille", "Court", "Senate", "Yankees" 

LOC England", "Germany", "Australia", "France", "Russia", "Italy", "India", 

"Belgium", "China", "London", "Netherlands", "Britain", "Spain", "Iraq", 

"Sweden", "Pakistan", "Canada", "Israel", "Europe", "Brazil" 

MISC "Palestinians", "Russian", "Chinese", "Dutch", "Russians", "English", 

"Palestinian", "Olympic", "Republican", "Turkish", "Indian", "Wimbledon", 

"EASTERN", "CENTRAL", "WESTERN", "Major", "Serbs", "DUTCH", "Jews", "ENGLISH" 

 

 k = 20 ( ) 

PER "Michael", "Clinton", "Kong", "Johnson", "Hong", "Le", "Williams", "Ahmed", 

"Jones", "La", "Smith", "Khan", "Davis", "De", "States", "York", "Africa", 

"Mohammad", "van", "Mo" 

ORG "Corp", "Los", "Marseille", "Union", "EU", "Essex", "Party", "Sussex", 

"Hamburg", "Utrecht", "Milan", "Yankees", "House", "Barcelona", "Commission", 

"Angeles", "Leeds", "Madrid", "Philadelphia", "Warwickshire" 

LOC "England", "Iraq", "Germany", "Russia", "Australia", "China", "Moscow", 

"France", "Israel", "Indonesia", "Beijing", "Belgium", "Jordan", "India", 

"Ukraine", "Netherlands", "Turkey", "Iran", "Italy", "Egypt" 

MISC "Palestinians","English","Russian","EASTERN","Major","CENTRAL","Chinese", 

"WESTERN", "Dutch", "DUTCH", "Olympic", "NATIONAL", "ENGLISH", "Indian", 

"AMERICAN", "Celsius", "Republican", "Wimbledon", "Irish", "Scottish" 

 

- 671 -




