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[ Abstract] The task flow scheduling problem is one of the hot issues that people pay attention to. Existing research lacks a
scheduling method when the resource and time cost of each subtask and the transmission cost between operators cannot be known in
advance, and cannot handle task scheduling in a multi—platform environment well. For this reason, a topology scheduling algorithm
based on heuristic rule optimization is proposed. The algorithm optimizes the task flow scheduling sequence through the rule of
preferential selection of tasks on the same platform and subsequent tasks. Secondly, this article combines the cost model of common
SQL operators and machine learning operators in data analysis tasks under the Spark platform, which can effectively estimate the cost
of tasks. Experiments show that the scheduling optimization algorithm can effectively reduce time and memory costs, and the

estimation results of cost model is also more accurate.
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Fig. 1 Example of multi—platform workflow
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While S is not empty do
/7 Ja R AL

if S has the same—platform—node with tail of L

W L

if S has the successor of the tail of L
remove the successor n from S
addnto L
else

remove the same—platform—node n’ from S

addn’ to L

else

remove another node k from S

add k to L

for each node m with edge e from n to m do

remove edge e from G

if m has no other incoming edges then

insert m to S

return L
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Fig. 2 Example of experiment workflow
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