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Abstract Based on the background where sky survey equipment detects tens of thousands of variable
sources daily and the demand for observing these variable sources increases, a long-sequence task plan-
ning problem is formed. This problem comprises dynamically arriving high-frequency Targets of Oppor-
tunity (ToO) and their subsequent follow-up observation tasks. This type of problem is classified as an

NP hard problem due to the randomness of observation events, strong timeliness of data acquisition,
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high selectivity of decision paths, and the coupling effect of complex constraints such as Earth occlusion
and observation time windows. Traditional supervised learning methods are difficult to apply due to the
difficulty in obtaining high-quality labeled data, while Deep Reinforcement Learning (DRL) combines
the perceptual ability of deep learning with the sequential decision optimization mechanism of reinforce-
ment learning to construct end-to-end autonomous decision-making agents, demonstrating the universal
advantage of handling complex planning problems. This article is based on the DRL framework and con-
structs a Markov Decision Process (MDP) model for long sequence task planning problems. State space
encoding, action space encoding, and reward functions are defined in the task planning problem to guide
reinforcement learning algorithms to converge towards optimizing the target set. However, classical DRL
methods have significant limitations in unsupervised learning mode - when faced with long sequence dy-
namic task flows, agents have difficulty quickly converging to the global optimal strategy due to the
large exploration space, and lack sensitivity to local key tasks. Therefore, this paper improves the Point-
er Network (PN) by drawing on the concept of the Local Attention (LA) mechanism, proposing the Lo-
cal Attention Pointer Network (LA-PN) algorithm. This algorithm innovatively introduces a sliding time
window constraint on the attention range, allowing the model to dynamically focus on task subse-
quences related to the current decision, and filter high-value targets through local context awareness to

reduce redundant computation. By comparing and analyzing simulation results, verify the profitability,
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real-time performance, and generalization of the algorithm.
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Reinforcement Learning (DRL), Local Attention Pointer Network (LA-PN)
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1. fori=1,2, -, Mdo
2:  update win! accroding to wey,
3:  update acc! accroding to y:

4:  calculate post, num!, adji by Eq.(1) and Eq.(2)
5: end for
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7: for i =1,2,, M do
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12: end for
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1: initialize actor network with random weights @

2: initialize critic network with random weights ¢

3:0 +— 0,9 — ¢

4: for iteration = 1,2, -, max_ iteration do
5:  reset gradients : d@ < 0,d¢e < 0

6: for instance =1,2,-,I do

7:  while not (Fisk all is 0) do

8: choose y;41 accroding to we (X*)

9: compute R? by Eq. (6)

10: compute X1 by Mask

11:  push(X?, yet1, RY, X1 into buffer
12:  end while

13: end for

14: for episode = 1,2, -, E do

15:  sample N instances fromreplay buffer
16:  d6 « compute Vr,J (8) by Eq. (13)
17:  d¢ < compute lossby Eq. (15)

18: update @ using d@

19: update ¢ using dep

20: 0" 70+ (1 —7)0" ' + 1o+ (1 — 1)’
21: end for

22: end for
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Table 2 LA-PN algorithm training parameter settings
S ZHH P
Batch_size 128 AR
D 5 B HRN
Ir_actor 1x 1075 Actor 45 )2 2] 3
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hidden_size 512 K 24t
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Table 3 Element settings for each task in dataset
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T [T+700 5, T**+800 |
A [—5°,5°]
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Fig. 3 LA-PN algorithm model training total rewards
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Fig. 4 Schematic diagram of the inference results of
the model (Red dots represent the time window of
observation tasks, numbers represent the sequence
of planned result tasks execution, and blue
stars represent the need for attitude adjustment

before task execution)
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Fig. 5 Comparison of various indicators between LA-PN and other algorithms
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Table 4 Comparison of average execution time of

algorithms within a cycle

RN T/(s - epoch ™) Ruate/ (%)
LA-PN 0.396318 —
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ACO 13.027278 192.80
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