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ABSTRACT

Modern battlefields are evolving into multi-domain operations(MDO) encompassing land, sea, air, cyber, and
space. Advances in technologies like artificial intelligence and robotics are increasing the utility of
Manned-Unmanned Teaming (MUMT). However, for MUMT systems to simultaneously ensure mission
efficiency and survivability under battlefield uncertainty, partial observability, and communication constraints,
mission reorganization that can immediately adapt to unpredictable changes and optimized collaboration between
heterogeneous platforms are essential.

This paper proposes a Dynamic Intelligent Mission and Collaboration Architecture(DIMCA), which combines
real-time mission reassignment and collaboration optimization based on the Partially Observable Markov

Game(POMG). Through a modular structure of perception, decision, and collaboration, DIMCA rapidly derives
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optimal team composition and reallocation decisions in the event of dynamic events (e.g., new mission

assignments, platform damage, or communication degradation). Simulation results show that DIMCA

consistently improves mission success rates compared to comparable systems(GCN, MLP). Furthermore, it

proactively addresses mission failure risks through reallocation responsiveness over time, and improves resource

efficiency by reducing movement and fuel consumption. Therefore, this study demonstrates its potential to

accelerate the OODA(Object-Orient-Decide-Act) loop and enhance operational resilience in multi-domain

battlefields.
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Fig. 1. Hybrid system architecture
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Algorithm 1: Dynamic Mission Reallocation Procedure for DIMCA

Input: Agent set A = {aj,a,-,a,},
mission set A = {ml,mg,n-,mk},
current battlefield state .S,

Output: Updated mission assignment 7 : A— M
1: while battlefield state .S, changes do

2: for each agent a,& A do

3 Collect local state SE using perception module ;

5: end

6: Compute mission success probability P m(mj) for each m;E M ;
7 if P_,.(m;) <0 or new mission appears then

8: Activate collaboration module ;

9: Construct dynamic graph G = (V,E) where V< AU M ;

10: Compute importance scores using Graph Attention Network(GAT) ;
11: Generate optimal team candidate T; < A for mission m; ;

12: if mission is critical then

13: Present XAl-based explanation to human commander ;

14: Obtain human-in-the-loop approval or adjustment ;

15: end

16: Execute new mission allocation ;

17:  end

18: end
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Table 1. Simulation Parameter

Simulation Parameter Values
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