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32 end
33 end

34 return Optimal pruned structure code C*

Avrtificial Bee Colony(ABC) Algorithm

Input: Iterations: 1, Upbound: U, Number of Bees: N, Counter:
T, Max Trial: M, Total Number of Convolution Layers: L

Output: Optimal pruned structure code C*

fit(Fitness): 0.1*APso + 0.9*APso:95 (YOLOV7 Standard)

0 Initialize the pruned structure code set C;
1 forh=1 — ldo

2 forp=1 — Ndo

3 generate new code Gp that slightly different from Cp;
4 calculate fitness of Gpand Cp;

5 if fitep > fitcp then

6 Cp = Gp;

8 Tp=0;

9 else

10 Tp=Tp+ 1,

11 end

12 end

13 fori=1 — Ndo

14 calculate probability Pi;

15 generate a random real number Ri € [0, 1];
16 if Ri <= Pi then

17 generate new code Gi that slightly different from C;;
18 calculate fitness of Gj;

19 if fitei > fitci then

20 Ci=G;j;

21 fitCi = fitG;;

22 Ti=0;

23 else

24 Ti=Ti+1;

25 end

26 end

27 end

28 | forj=1 — Ndo

29 if Tj> M then

30 | re-initialize C;j;

31 end
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