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Algorithm 1. Task Scheduling Strategy Using DQN
Input : the number of episode EP, minibatch B, exploration
rate &, discount factor y, the number of tasks |T|, update
frequency of the target network U
Output : network parameters 6

1 | initialize replay memory D to capacity M,

2 | initialize evaluation action-value function Q with

random parameter 6
3 | initialize target action-value function Q with random
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parameter 6’

4 | initialize state s;

5 | for episode = 1, EP do

6 randomly generate graph of |T| tasks

7 sort task set T by priorities

8 for step =1, |T| do

9 with probability & randomly choose an

action q;
10 other wise a;=argmax,Q(s;,a; 9)
11 Si+1, 7 < execute a; when s;
12 store transition (s;, a;, 13, Si+1, done;) in D
13 randomly select samples B from D
14 if done; then
15 Yi=n
16 else
17 yi= 1 +ymaxQ(si,a’;0")
18 end
19 Calculate the loss(y;, Q(s;, a;))
20 Update @Q using the Adam algorithm by
Q(si! ai;; 6) N

21 Every U steps, copy weights from Q to Q
22 end
23 | end
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