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Input: popData
Output: popData.eldx

1: function PseudoElitismKernel(popData)

2: SUB_POP_SIZE< blockDim.x

3: 11 B EEFED YA X
4: eldx€blockldx.x /BT Y —hA T v 7 X
5: tIdx € threadldx.x // Local thread Index
6: gldx < tldx+eldx*SUB_POP_SIZE // Global index
7: shm[2 * SUB_POP_SIZE] IHEFEAEY
8: Load fitness and index into shared memory

9: syncthreads()

10: for stride€~SUB_POP_SIZE/2 to 0 step stride>>1 do
11: if tldx < stride then

12: bestldx € (shm[tIdx]

13: > shm[tldx + stride])

14: ? tldx : tldx + stride

15: shm[tldx] € shm[bestldx]

16: shm[tldx + SUB_POS_SIZE]

17: <shm[bestldx+SUB_POP_SIZE]
18: end if

19: syncthreads()

20: end for

21: if tldx = 0 then

22: popData.eldx[eldx] € shm[SUB_POS_SIZE]
23: end if

24: end function
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