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Fig. 1 Cloud-edge collaborative network architecture
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Table 1 Terminal set
Service Task
No. Terminal Description
placement offloading

1 CcC Computing capacity \

2 RMC Remaining memory capacity

3 RSC Remaining storage capacity \

4 ABW Average bandwidth \

5 PQ Processing quality \

6 ACQ  Average communication quality \

7 NMP Number of modules placed \

8 RCC Remaining computing capacity \/
9 ET Execution time \
10 ATT Average transmission time \/
11 R Reliability d
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Fig.2 Tree-based heuristic encoding example
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Algorithm 1: Ramped-half-and-half population initiali-
zation
Input: population size ps, terminal set T, minimum
tree depth d;, , maximum tree depth d,,
Output: initial population P
P=¢
for i=1 to ps/2 do
generate resource selection rules R, and R, using
the Full(T,d,..) method
add individual I ={R,,R,} to P
end for

for i=ps/2+1 to ps do



2

D7 L, A i BRI PR T SRR AE IR A4 55 10T T 269

Population
initialization

Individual fitness
evaluation

Population evolution \\

N
. \

Selection N
Crossover

e

-
Mutate L
e
e
e
rd
4

No Individual ﬁtness
evaluation

Whether the termination

Best heuristic

Heuristic
individual

Training data

- ©

IResource | /7
selection fule 60\
el

| ® |
L\ ‘Results f
\_ Simulation

-.’.

Fitness
calculation

_/‘

~._ Training dataset

Execution data added to

individual

condition is met?
Execute @

the training dataset

Real-world scenario

¥ 3 TBGP-HH FikHESE
Fig.3 Framework of the TBGP-HH

generate resource selection rules R, and R, using
the Grow (T, d,., dim.x) method
add individual I ={R,R,} to P
end for
return P
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Algorithm 2: Simulation process
Input: individual 7, resource node set S , application
App , task type set T
Output: latency L, reliability R
L=0, R=1
for each a; in App do
foreach s; in S do
if c(a;)) <C(sy) and m(a;) < remaining M (s;)
and d(a;) < remaining D(s;) then
calculate R, (s;)
end if
if Ry (s;)> X then
place a; on s, x(a;,s;) =1
end if
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end for
end for
foreach #, in T do
for each s, in S, do
calculate R, (s;)
end for
offloading f; to the node with the highest R, (s;) ,
update L, R
end for
return L, R
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Fig.4 An example of crossover
Algorithm 3: Crossover operation
Input: parent individuals A, B
Output: offspring individuals A", B’
rand (0, 1) < cr then

randomly select a node node,k, from A(R;), and
anode node,r, from A(R,)

randomly select a node nodegg, from B(R;), and
anode nodegg, from B(R,)

swap the subtrees rooted at node,,, and nodegg,
to construct A’ (R,) and B’ (R))

swap the subtrees rooted at node,r, and nodep,
to construct A’ (R,) and B’ (R,)

end if
return A, B’
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Fig. 5 An example of mutation

e

Algorithm 4: Mutation operation
Input: parent individual A’
Output: offspring individual A”
if rand(0,1) <mr then
randomly select a node nodey;, from A’(R)),
and a node nodey, from A’(R,)
generate random trees f,,q(R;) and f#,,4(R,) using
the Grow (T, d .y, dmax) method
replace the subtree rooted at node,, with
tana (R)) to construct A”(R;), and replace the subtree
rooted at node.x,) With 7,,4(R,) to construct A”(R,)
end if
return A”
23.6 TBGP-HH ## TBGP-HH 5k : B4R H
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Algorithm 5: TBGP-HH Algorithm
Input: population size ps, terminal set T, minimum
tree depth d;, , maximum tree depth d,,, , crossover
rate cr, mutation rate mr , number of elitism u
Output: optimal heuristic individual I*
initialize population P using the Ramped-half-and-
half method
foreach 7 in P do
evaluate fitness of I using fitness function Fit

end for
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while the termination condition is not met do
Q=¢p, P=9¢p
for i=1 to ps—u do
select the winner of tournament selection and add
itto Q
end for
for each pair {A,B} in Q do
apply the crossover operation to {A,B} to
generate offspring {A’, B’} , and add them to P’
end for
foreach 7 in P’ do
apply the mutation operation to /
end for
add the top u individuals from P to P’
P=P
foreach 7 in P do
evaluate fitness of [ using fitness function Fit
end for
end while
I' = the best individual in P

return [*
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Table 2 Resource configuration in cloud-edge collaborative environment!

1-2]

Name Resource type Computing resource/MIPS Memory resource/GB Storage resource/GB A A

Cloud 0 44800 inf inf 0.0001 0.0001

Edge 1 [14000, 16000] [100, 200] [3000, 5000] [0.001, 0.01] [0.001, 0.01]
Mobile device 2 [3000, 5000] [24, 40] [800, 1200] [0.01, 0.05] [0.01, 0.05]
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Table 3  Parameter settings for the proposed algorithm

Parameter Definition Value
ps Population size 100
Aiin Minimum tree depth 2
Ainax Maximum tree depth 7
cr Crossover rate 0.9
mr Mutation rate 0.01
H Number of elitism 10
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Fig. 8 Latency and reliability under different number of users
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Table 4 Specific settings for different resource configurations
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Fig. 9 Latency and reliability under different resource configurations
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Fig. 10  The heuristic algorithm obtained under the scenario with 100 users and 16 resource nodes
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Abstract: In recent years, cloud computing has been widely adopted by individuals and organizations. However,
as cloud resources are typically deployed far from end users, processing tasks may incur considerable latency.
Therefore, it is both reasonable and necessary to leverage the advantages of edge computing to develop a cloud-edge
collaborative network architecture. A tree-based genetic programming hyper-heuristic algorithm (TBGP-HH) is
proposed to address the task offloading problem in cloud-edge collaborative environments. The algorithm can
dynamically generate service placement and task offloading strategies based on resource configurations and input tasks,
thereby enhancing task processing reliability and reducing latency. First, a set of low-level heuristic algorithms is
designed according to the objectives of task offloading. These heuristics are then encoded as genes to construct
individual encoding trees for population initialization. Next, the population evolves iteratively through selection,
crossover, and mutation operations, with an elitism strategy adopted to preserve high-quality individuals. Finally, a
heuristic algorithm with strong performance in both reliability and latency optimization is generated to guide service
placement and task offloading. Experimental comparisons with benchmark algorithms in real-world application
scenarios demonstrate that TBGP-HH consistently improves task processing reliability and reduces latency across
diverse scenarios, with overall performance outperforming recent task offloading algorithms.

Key words: cloud-edge collaborative environment; tree-based genetic programming; hyper-heuristic algorithm;

reliable and low-latency; task offloading
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