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A DDPG-based Optimization Method for
Multi-partition Task Assignment of IMA
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Abstract : The integrated modular avionics (IMA) system implements the integration of multiple avionics
functions under a shared resource platform through a spatio-temporal partitioning mechanism. The merit of
the task distribution method between partitions determines the overall effectiveness of the IMA system. An
optimization method based on deep reinforcement learning ( DRL) is proposed for the distribution and
scheduling of avionics task sets within multiple partitions is proposed. The IMA system model and task
model are constructed ,and the constraints of system resource and task real-time requirements are used to
improve the system resource utilization as the optimization objective. The task distribution process is
described as a sequential decision problem. A Markov decision model is introduced to develop a deep
deterministic policy gradient ( DDPG ) algorithm-based IMA task distribution model and a generic
distribution architecture is proposed. Policy training techniques such as state normalization and behavioral
noise are introduced to improve the learning performance and training capability of the DDPG algorithm.
Simulation results show that the proposed optimization algorithm starts to converge after 500 iterations , and
the efficiency of distribution scheme is improved by 20. 55% while satisfying the constraint requirements
after 800 iterations. Compared with the traditional assignment scheme and the Actor-Critic( AC) algorithm,
the proposed DDPG algorithm has significant advantages in terms of convergence ability.

Key words: integrated modular avionics ( IMA ) ; task allocation and scheduling; deep reinforcement
learning ; DDPG algorithm
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Input ;
Training episode length E, Training sample length L;
Actor learning rate o, ,Critic learning rate o, ;
Discount factor 7y, soft update factor 7
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Gaussian noise N,
Output : The actor network w(s16*)
1 Randomly initialize the weights of actor network ¢ and
critic network 6°
2 Initialize the target network with weights 6 <@ and
6°—6"
3 Empty the experience replay buffer £
4 for each episode e=1,2,---  E do

pool

5 Reset simulation parameters of the IMA system and
obtain initial observation s,

6 fori=1,2,--- L do

7 Normalize state s, to s,’

8 Get the action a; with actor network 6 and the
gaussian noise NV, :

a;=min(max(u(s,16*)+N, —1),1)
9 Get the reward r, and observe next state s, after

performing action a;
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11 if £, is not full then

12 Store transition(s,,a;,r,,5,,) in E
13 else
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16 Update the 6 in critic network by minimizing the
loss :

L) =21 (=06, 0,16))

17 Update actor network € by the sampled
policy gradient
18 Soft update the critic target network with 7; 6"«
70 +(1-1) 6"
19 Soft update the actor target network with 7 ;0% «
0% +(1-7) 6"
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20 end if
21 end for
22 end for

23 return the actor network u(s16*)
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Fig. 3 Reward return curve under different learning rates
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Fig. 5 Task hosted in partition of processing node
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