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Abstract .

extensively applied in large-scaled computing system for high performance. Conventional real-time scheduling algorithms,

Enabled to provide pervasive access to distributed resources in parallel ways, heterogeneous scheduling is

however , disregard energy-efficiency in addition to stringent timing constraints. In recognition of green computing,an energy-
aware model is firstly presented. Secondly,inspired by multi disciplines,the meta-heuristic is addressed based on the super-
computer hybrid architecture. On the other hand, some technological breakthroughs are achieved,including boundary condi-
tions for different heterogeneous computing and grid scheduling and descriptions of real-time variation of scheduling indexes
('stringent timing constraints and energy-efficiency ) . Extensive simulator and simulation experiments highlight higher effica-
cy and better scalability for the proposed approaches compared with the other three meta-heuristics ; the overall improvements

achieve 8% ,15% and 17% for high-dimension instances, respectively.
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1 :Initializethe iteration (g) and the subpopulations {8,,8,,*,8¢, ",

841 ,each of s individuals;

2:While (g <g,.) and (other termination criteria are not satisfied)

3. Do in parallel for each island /s Obtain the coarse-grained model
(also named as island model ) ,
one of the parallel and distribu-

ted models of metaheuristics * /

4:  g=g+1;

5. Do in parallel / # Obtain the master-slave model * /

6: Evaluate the affinity between the antibody and antigens ( Eq.
(2)) in the current population: ®(A,) ;

7. For (every couple of antibodies denoted as A;; and Ay, )

8 H(@(4,) > D(Ay)

9. For(C=1;C< =N;C+ +)

10 For(K=1;K< =Z;K+ +)

1. (A" Gl < >Ay' Gye)

12 Update A’; meme vectors:

13: iMge(t) =(1-p) xMgo(t-1) + AMy.;

14 MMy = (1) /(4,) |

15. Update A’; other meme vectors M (J < >K) : M,

(1) =(1=p) xM,;c(t=1);
16 EndIf
17. EndFor
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18 EndFor
19. EndIf
20. EndFor
21 End Do in parallel
22, Perform clonal selection operation;
23 Perform clonal operation;
24. Perform gene operations based on meme matrices;
25 Save the best solution in the generation;
26 If g = 7( migration interval) then
27 Create A for the current subpopulation ;
28 Send A to the neighboring subpopulation ;
29. Receive A from the neighboring subpopulation;
30: Construct the founding subpopulation o ;
31: Select s individuals in o ;
32, Replace the subpopulation Az with A4 ;
33. End If

34. End Do in parallel
35.End While
36 : Output the best individual.
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