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Stepl: Transform Log Datato Information

Step2: Cresate the Experience Matrix (EM) reverse( )
Step3: Transform EM to EM’ {0, 1, 2, 3} maximum
Setp4: Compute every edge on EM’ that Satisfied Condition W 3(|\/|) 0 T M - EM ij +1

Step5:Build the Set of Learning Path by ACO Algorithm

(Evolutionary Algorithm) 2-2+1-1, 2-1+1=2

Step 1 Log

Data [ J

Course 13-1-1 Course 13-1-2 Course 13-1-

3 1 2 3 Experience Matrix-2
{ Course 13-1-1, Course 13-1-3,
Course 13-1-2} {1, 3,2}
{ Course 13-1-1, Course 13- [ J
1-2} {1, 2} Step 2
3X3 Experience Matrix-3
( () ) Step 4
IM
E={2, 2, 1}
0 (
) IM 20% w 1 IM
5% W 2 IM
Experience Matrix-1 E={2, 2, 1} (%33.3, %66.6,
%99.9)
IM
[ } 50% W 2 2 2
edge 0
Step3 EM [ J
Experience Matrix-4
{1, 2, 3,4}
122 223 324
( se2 ) Sept - Sepd .
123 124 254
1 2 3 4

1>2 Step3



Neural Network[14]
Genetic Algorithm[7] Ant Colony System[9]
Tabu Search[4]

Step 5
Ant Colony System
ACS
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TSP Ant
Global
Update -Distance
DP SL Distance =
0.5XDP + 0.5%xSL DP
( ) Sb
( )
4,
Level Level2 Level3
Rank
IM
Learning Path Candidates Path
Learning iterations
Candidates Path

Learning
iterations
iterations

Experience Matrix-4

(
)

# of Data (k) 1| 5 25 100 | 200
Execute Timel | 2| 7 30 123 | 241
Execute Time2 | 1| 5 19 75 167
Execute Time3 | 3| 12 49 198 | 408
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#ofData(k) | 1 | 5 | 10| 25 | 50 | 100 | 200
Execute Timel | 10 | 13 | 25| 62 | 124 | 249 | 502
ExecuteTime2 | 4 | 15 | 29| 70 | 141 | 287 | 599
Execute Time3 | 14 | 28 | 54 | 132 | 265 | 536 | 1101

Numbe f d (k)
10
15 (

# of Data (k) 1 [ 5] 10 ] 25 ] 5 | 100 | 200
Execute Timel | 4 | 22| 41 | 102 | 206 | 419 | 875
Execute Time 2 9 | 33 69 158 | 313 628 1485
Execute Time3 | 13 | 55 | 106 | 260 | 628 | 1047 | 2360

Nu mb f Records(k)
15

#ofData(k) | 1 | 5 | 10 | 25 [ 50 | 100 | 200
Avg. 5items 3 12 20 49 97 198 | 408
Avg.10items | 14 | 28 | 54 | 132 | 265 | 536 | 1101
Avg.15items | 13 | 55 | 106 | 260 | 628 | 1047 | 2360
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