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ABSTRACT

The weapon–target assignment (WTA) problem plays a pivotal role in modern combat command and control systems 

because it directly influences operational effectiveness. Conventional solution methods, such as exact algorithms and 

heuristic approaches, often perform poorly in dynamic battlefield environments due to their limited ability to capture 

evolving engagement states. Deep reinforcement learning (DRL) offers a promising paradigm for sequential decision-

making under such conditions; however, existing DRL-based WTA methods frequently overlook the spatio-temporal 

dependencies among combat entities, thereby constraining their adaptability and decision accuracy. To address this issue, 

this paper proposes a deep reinforcement learning with spatio-temporal modeling (DRLSTM) framework for dynamic 

WTA. Specifically, the framework integrates a graph convolutional network (GCN) to encode inter-entity spatial depen

dencies and a gated recurrent unit (GRU) to model temporal state evolution. This spatio-temporal architecture enables 

the agent to learn context-aware assignment policies from dynamic battlefield information. The policy is optimized using 

an actor–critic learning scheme. Experimental results demonstrate that the proposed method outperforms conventional 

exact, heuristic, and representative DRL-based methods in both solution quality and computational efficiency. These 

results verify the effectiveness of the proposed framework for dynamic resource allocation and decision-making in 

complex battlefield environments.
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INTRODUCTION

In modern warfare, the strategic value of missiles is often offset by their significant resource demands [1, 

2]. Adversaries increasingly adopt dispersal tactics and asymmetric strategies to improve the “salvo survival” 

probability of high-value assets, creating a complex targeting challenge [3-5]. This shift intensifies the difficulty 

of optimal resource allocation: how to effectively engage a dispersed and heterogeneous set of targets with 
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a limited supply of expensive advanced weapons [6-8]. The Weapon-Target Assignment (WTA) problem is a 

computationally complex optimization problem aimed at maximizing expected combat effectiveness while 

adhering to strict logistical and economic constraints [9, 10]. This research addresses this issue by developing 

a novel WTA model that incorporates key operational variables, with the goal of generating data-driven 

allocation strategies for enhanced resource utilization in dynamic and contested battlespaces.

The Weapon-Target Assignment (WTA) problem is a fundamental combinatorial optimization challenge in mil

itary operations research, focusing on the optimal allocation of a finite set of ranging weapons to engage a set 

of targets under multiple operational constraints [11-13]. These constraints typically include weapon-target 

compatibility, probabilistic destruction assessments, resource costs, and the strategic value of battlefield gains 

[14, 15]. Conventional research predominantly formulates WTA as a static, one-shot optimization problem 

(SWTA), where weapons are assigned based on a single snapshot of the battlefield to maximize an immediate 

utility function [16, 17]. However, this static formulation critically overlooks the inherently dynamic and 

uncertain nature of modern warfare. The battlefield is a complex, rapidly evolving system where adversaries 

are actively engaged in countermeasures, such as deploying active defense systems around high-value assets 

[18, 19]. These defensive actions, often unobservable in early engagement, continuously alter the probability 

of a missile successfully neutralizing its target. Prevailing models that assume fixed and known destruction 

probabilities thus embody a significant representation that severely limits practical limitations and real-world 

applicability [17, 20]. To bridge this gap, this study investigates a dynamic WTA (DWTA) that explicitly accounts 

for the temporal evolution of engagement conditions. The objective is to develop an allocation strategy that is 

robust to the battlefield, ultimately reducing operational costs and enhancing mission success rates in realistic 

combat scenarios.

Solution methods for the weapon target assignment problem are commonly categorized into exact and 

heuristic methods [21-23]. Exact methods have the advantage of delivering provably optimal solutions by 

exhaustively searching the solution space [24, 25]. For example, Haywood formulated a bilevel programming 

model grounded in the Stackelberg game framework, developing a mixed-integer nonlinear program to 

address the interceptor missile deployment problem [26]. Their approach leveraged multiple exact solvers to 

obtain optimal deployment strategies for interceptor missiles. To address the weapon assignment problem, 

Hocaoğlu formulated a nonlinear multi-objective programming framework that explicitly minimizes the 

survival probability of enemy assets while optimizing resource allocation [3]. Kline conducted a systematic 
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review of the weapon-target assignment (WTA) problem [27], offering a critical examination of the exact 

optimization method, and meticulously delineated the methodological strengths and practical applicability of 

these approaches under various operational constraints. However, exact methods become computationally 

intractable when applied to large-scale problems. The computational complexity of these methods grows 

exponentially with problem size, a fundamental limitation that prevents their use in time-sensitive operational 

planning for complex battlefields.

Heuristic algorithms, such as Ant Colony Optimization and Genetic Algorithms, have been extensively used to 

solve complex combinatorial optimization problems [28-30]. These methods utilize population-based search 

strategies to efficiently explore the solution space, striking a favorable balance between computational feasi

bility and solution quality within practical timeframes [31, 32]. As a result, they have been widely applied 

across various domains. Wang proposed a novel state-based modified artificial bee colony algorithm to solve 

the multistage weapon-target assignment (MWTA) problem [33], demonstrating superior performance in both 

solution quality and computational efficacy compared to existing methods. Though proving their advantages 

of solving optimization problems, heuristic methods inherit several limitations: they often converge to locally 

optimal solutions, lack theoretical guarantees of global optimality, and are highly sensitive to parameter 

tuning. These limitations become especially pronounced in dynamic and non-stationary environments, such as 

real-time battlefield scenarios. Conventional heuristic approaches primarily operate under deterministic and 

static assumptions, relying on iterative strategy improvements to enhance solution quality [32, 34]. However, 

in highly volatile combat scenarios characterized by continuously evolving threats and countermeasures, 

precomputed solutions quickly become obsolete. Although heuristics can be adapted through online re-opti

mization, this process typically requires frequent strategy adjustments and solution repairs, which significantly 

reduce computational efficiency. Consequently, traditional heuristic frameworks face fundamental challenges 

in maintaining both responsiveness and solution optimality when confronted with real-time environmental 

changes, thereby limiting their practical utility in dynamic, mission-critical operations.

The application of deep reinforcement learning to the WTA problem addresses key limitations of traditional 

methods [12, 35]. The deep reinforcement learning framework formulates WTA as a Markov Decision Process 

(MDP), where a deep neural network represents the policy function that maps states to assignment decisions 

[36, 37]. The lack of labeled training data precludes the use of supervised learning for the WTA task. Instead, 

deep reinforcement learning leverages a reward signal, designed to reflect mission objectives, along with 
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advanced training algorithms (e.g., value-based or policy-based methods) [38-40]. These algorithms train 

the policy network by enabling the agent to interact with a simulated combat environment, progressively 

refining its strategy to maximize the expected total reward [41]. This approach allows the agent to learn 

a near-optimal assignment policy even in high-dimensional, complex scenarios with multiple constraints. 

For example, Li introduced a novel hierarchical deep reinforcement learning architecture to address the 

sequential decision-making problem in air-to-air combat [42]. This study is specifically designed to operate 

in dynamic environments involving coordinated aircraft and missile engagements, aiming to derive optimal 

combat strategies. Zhang proposed a novel deep Q-network (DQN) architecture for air combat maneuvering 

decision-making [43], which was specifically designed by incorporating the principle of situational continuity. 

To enhance the model’s capability in processing sequential information, they integrated a long short-term 

memory (LSTM) module, which effectively captures temporal dependencies and thereby improves both 

learning efficiency and overall performance.

Though significant advancements have been made in WTA research, several critical challenges remain unad

dressed. First, conventional WTA studies predominantly formulate the problem in static and deterministic 

settings, where optimization algorithms, such as exact and heuristic, allocate resources based on a fixed 

battlefield snapshot. Such approaches cannot inherently adapt to dynamic changes in real-time operational 

environments, which characterize modern warfare. Consequently, these methods fail to maintain solution 

optimality under evolving tactical conditions, limiting their practical applicability. Second, although recent 

deep reinforcement learning methods have demonstrated promising performance in real-time multi-target 

attack scenarios, most existing frameworks overlook the spatio-temporal dynamics inherent in battlefield 

environments. In reality, the positions, statuses, and contextual relationships among missiles and targets 

continuously evolve. Ignoring these dynamics not only limits an agent’s ability to generalize across diverse 

engagement scenarios but also diminishes its exploratory effectiveness during training.

To address the limitations of existing approaches, this paper proposes a novel deep reinforcement learning 

framework with a model (DRLSTM) framework for DWTA in complex battlefield environments. The proposed 

framework consists of core components: a spatial embedding and a temporal embedding. The contributions 

of this study can be summarized as follows:

(1) This study developed a graph convolutional network, which develops a spatial encoding to explicitly model 

the dynamics of the capture space. Based on a graph convolutional network, this study leverages the 
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topological relationships and interactions between missiles and targets at any given timestep, generating 

a representation.

(2) This study employs gated recurrent unit networks to capture the spatio-temporal features. This module 

aggregates historical state information, allowing the model to reason, enabling the trajectory and intent of 

entities, trajectories, and intents of entities to be represented in a single static snapshot. The synthesized 

spatio-temporal embedding provides a comprehensive state representation, enabling the policy network 

to generate context-aware missile-target assignments that adapt to the evolving tactical situation.

(3) To ensure rigorous evaluation, a high-fidelity AFSIM is utilized to generate large-scale, diverse datasets 

encompassing various engagement scenarios. This study conducted comparative experiments using other 

methods with DRLSTM. This multi-faceted comparison is designed to quantitatively validate the terms 

that validate solution quality, computational efficiency, robustness, and scalability.

The remainder of this paper is organized as follows. Section 2 describes the missile-target assignment problem 

and the fundamentals of deep reinforcement learning. Section 3 describes a novel deep reinforcement 

learning method. Section 4 describes the experimental results, including comparison analysis, robustness 

analysis, and ablation analysis. Section 5 presents the conclusions of this study.

PRELIMINARY

This section provides a comprehensive exposition of the missile-target assignment (WTA) problem by formu

lating it as a constrained optimization model and subsequently framing it within a reinforcement learning 

paradigm. First, a detailed mathematical model is established, including the definition of the objective 

function, system constraints, and key parameters governing the engagement scenario. Next, the problem is 

abstracted into a Markov Decision Process (MDP) framework, which serves as the foundational mathematical 

structure for applying reinforcement learning algorithms. The MDP formulation rigorously defines state space, 

action space, reward mechanism, and state transition dynamics, thereby creating a principled framework for 

developing and training intelligent decision-making agents to address the WTA problem.

Problem Description

This study investigates a multi-missile engagement scenario involving a set of targets, where the primary 

operational challenge is to assign each missile to an appropriate target [44, 45]. The assignment strategy is 

a critical factor in determining the overall combat effectiveness of the missile group. Therefore, the main 
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objective of this research is to maximize the combat benefit, which includes both total combat effectiveness 

and combat cost. This objective can be formally expressed as follows:

max 𝐹(𝑥) = 𝑇(𝑥) − 𝑈(𝑥) (1)

Where 𝐹(𝑥) denotes the benefit of combat. 𝑇 (𝑥) and 𝑈(𝑥) respectively denote combat effectiveness and 

combat cost, and their formulas are defined as follows:

𝑚𝑎𝑥𝑇(𝑥) = ∑
𝑁

𝑗=1
[1 − ∏

𝑖
(1 − 𝑝𝑖𝑗)𝑥𝑖𝑗]𝑣𝑗 ∀𝑖 ∈ 𝑀 (2)

Where formula (2) denotes combat effectiveness. 𝑣𝑗 denotes the destruction value. 𝑝𝑖𝑗 ( 0 ≤ 𝑝𝑖𝑗 ≤ 1 ) 

denotes the destruction probability of 𝑖 with respect to 𝑗 . 1 − ∏𝑖(1 − 𝑝𝑖𝑗)𝑥𝑖𝑗 denotes the joint destruction 

probability of multiple missiles. In practical scenarios, the probability of a missile destroying a target is a 

complex function influenced by factors such as distance, angle of attack, and defensive capabilities. To simplify 

this process, this study employs a Gaussian function to randomly generate penetration values representing 

the probability of destruction.

𝑚𝑖𝑛𝑈(𝑥) = ∑
𝑀

𝑖=1
∑
𝑁

𝑗=1
𝑢𝑖𝑥𝑖𝑗 (3)

Where formula (3) denotes the combat cost. 𝑢𝑖 denotes the missile cost of 𝑖 . In formulas (2) and (3), 𝑥𝑖𝑗

denotes target 𝑗 of missile 𝑖 . 𝑀 and 𝑁 denote the number of missiles and targets, respectively.

Markov Decision Process

Deep reinforcement learning is fundamentally based on the theory of Markov Decision Process (MDP), which 

provides the standard framework for modeling goal-directed learning in interactive environments [46, 47]. An 

MDP is defined by the quintuple (𝑆, 𝐴, 𝑃 , 𝑅, 𝛾) , where 𝑆 is a finite set of states describing the environment;

𝐴 is a finite set of actions available to the agent; 𝑃 is the state transition probability function; 𝑅 is the 

immediate reward function; and 𝛾 is a discount factor that determines the importance of future rewards. 

This formalism establishes the foundational assumptions and components that deep reinforcement learning 

algorithms are designed to leverage and optimize, especially when state and action spaces are too large 
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for traditional tabular methods, thereby necessitating the use of deep neural networks for function approxi

mation. Additionally, the WTA process is formulated under the assumption that the decision-making agent 

receives fused battlefield information from the sensing and command system. Accordingly, the environment 

is modeled as fully observable at the decision level. This assumption simplifies the analysis and allows us to 

focus on the dynamic assignment mechanism. Nevertheless, in real combat scenarios, battlefield information 

is often incomplete, delayed, or noisy. Therefore, the current formulation does not fully account for the fog 

of war and information uncertainty.

The application of deep reinforcement learning to complex decision-making problems, in missile-target 

assignment, requires a rigorous mathematical foundation. This foundation is provided by the MDP framework, 

which formalizes the interaction between an intelligent agent and its environment as a sequential decision-

making problem under uncertainty. The successful formulation of an MDP is a critical prerequisite for the 

effective application of any deep reinforcement learning algorithm. The MDP is designed as follows: 𝑠𝑡 ∈ 𝑆 is 

the state of the environment at time step 𝑡 . The state 𝑠𝑡 = [𝑜𝑡, ℎ𝑡, 𝑗𝑡] is a composite vector that integrates. 

The 𝑔𝑡 is the radius of destruction for all missiles, the ℎ𝑡 is the circular probability error of all missiles, 𝑗𝑡 is the 

value of all targets. 𝑎𝑡 ∈ 𝐴 denotes the action taken at time step 𝑡 . The 𝐴 is determined by the granularity of 

control. 𝑃 denotes the probability of transitioning to the state 𝑠′ upon acting 𝑎 in state 𝑠 . In this study, the 

probability of a target being destroyed is given an assignment. 𝑅 is the objective function (formula 1). 𝛾 is set 

to 1 in this study.

METHOD

To address the challenges outlined above, this study presents a deep reinforcement learning framework based 

on a spatio-temporal model for the real-time optimization of missile-target assignments. As shown in Figure 1, 

the proposed method extracts both static features, such as the inherent attributes of missiles and targets, and 

dynamic features, including the evolving spatial relationships between missiles and targets over time. Initially, 

linear encoders process missile and target data separately. These encoded inputs are then passed through 

spatial and temporal encoders to dynamically capture spatio-temporal interactions at each decision step. A 

decoder subsequently generates optimal missile-target pairings to maximize overall destruction efficiency. To 

capture the rapid kinematic variations of high-speed weapons, the temporal sampling interval is set to 0.2 

s. The model is trained end-to-end using an actor-critic algorithm, enabling the development of an effective 

policy function for real-time assignment.
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Figure 1. Total Workflow of Our DRLSTM

The encoder is designed to learn a unified spatiotemporal context for the engagement scenario. It operates 

in two distinct stages: spatial encoding and temporal encoding. The spatial encoder utilizes graph models to 

capture the topological relationships and interactions among missiles and targets at each snapshot in each 

step time. Subsequently, the temporal encoder processes the sequence of these spatial snapshots using recur

rent or self-attention-based models. Specifically, the features of missiles and targets are first extracted at each 

time step. The missile’s features include the geographic information of missile 𝑋(𝑥0, 𝑥1, …, 𝑥𝑛) , radius of de

struction of the missile 𝑂𝑡(𝑜0, 𝑜1, …, 𝑜𝑡) , and circular probability error of the missile 𝐻𝑡(ℎ0, ℎ1, …, ℎ𝑡) . The

𝑋 , 𝑂𝑡 , and 𝐻𝑡 are concatenated 𝐿̇𝑡 = [𝑋, 𝑂𝑡, 𝐻𝑡] . The location information 𝑋̈( ̈𝑥0, ̈𝑥1, …, ̈𝑥𝑛) and value 

information 𝐽𝑡(𝑗0, 𝑗1, …, 𝑗𝑡) in the targets are concatenated 𝐿̈𝑡 = [𝑋̈, 𝐽𝑡] . Then, 𝐿̇𝑡 and 𝐿̈𝑡 are modeled as 

follows:

̇𝐹𝑡 = 𝐿̇𝑡𝑊0 + 𝐵0 (4)

̈𝐹𝑡 = 𝐿̈𝑡𝑊1 + 𝐵1 (5)
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Where 𝑊0 , 𝑊1 , 𝐵0 , and 𝐵1 are learnable parameters. To obtain comprehensive features of missiles and 

targets, ̇𝐹𝑡 and ̈𝐹𝑡 are concatenated ⃛𝐹𝑡 = [ ̇𝐹𝑡, ̈𝐹𝑡] .

The spatial structure of missiles and targets changes over time. The adjacent matrix 𝐴𝑡 = (𝑎𝑡
0•1, 𝑎𝑡

0•2, …, 𝑎𝑡
𝑖•𝑗)

is expressed spatial information at each time step. The 𝑎𝑡
𝑖•𝑗 is defined as follows:

𝑎𝑡
𝑖•𝑗 = {1, 𝑖  and 𝑗  are adjacent

0, other (6)

Where 𝑎𝑡
𝑖•𝑗 denotes the spatial information between missiles and targets at each time step. 𝑎𝑡

𝑖•𝑗 = 1 denotes 

that 𝑗 is the target of missile 𝑖 . Otherwise, missile 𝑖 cannot attack target 𝑗 .

Then, the graph convolutional network (GCN) is a spatial encoder, which extracts spatial missiles and targets 

[48, 49]. The relevant definitions are as follows:

𝐺𝑡 = 𝜎(𝐴𝑡 Relu (𝐴𝑡 ⃛𝐹𝑡𝑊3)𝑊4) (7)

Where 𝑊3 and 𝑊4 are learnable parameters. 𝐴𝑡 = 𝐷̃−1/2(𝐴𝑡 + 𝐼𝑁)𝐷̃−1/2 is the preprocessing step, 𝐼𝑁 is 

the self-connections matrix. 𝜎(•) represents the sigmoid function for a nonlinear function.

The Gated Recurrent Unit (GRU) is employed as a temporal encoder to model the evolution of the missile–

target engagement state and to extract sequential spatio-temporal features [50, 51]. In this study, each time 

step in the GRU input sequence corresponds to a fixed sampling interval of Δ𝑡 = seconds, which is consistent 

with the update frequency of the data source. Specifically, the time step Δt was set to 0.2 s. This choice satisfies 

the Nyquist sampling criterion for targets with velocities up to 250 m/s, ensuring that rapid kinematic changes 

in high-speed targets (e.g., missiles) are adequately captured. The relevant definitions are as follows:

𝑍𝑡, ℎ𝑡 = GRU (𝐺𝑡−1, ℎ𝑡−1) (8)

Finally, this study employs cross-attention to the spatio-temporal dependencies between spatio-temporal 

features and features of missiles. The relevant definitions are as follows:

𝐹𝑡 = Cross-Attention (𝑍𝑡, ̇𝐹𝑡) (9)
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Where ̇𝐹𝑡 is the query and value, 𝑍𝑡 is the key.

Decoder

The decoder module is designed to sequentially generate missile-target assignment pairs at each time step. 

This iterative process is governed by a GRU model, which aggregates historical assignment decisions and the 

evolving states of targets to form a dynamic, contextual query vector. This query, representing the current 

decision context, is then fed into a multi-head attention mechanism. The attention model computes compat

ibility scores between this query and the encoded features of all available missiles, effectively identifying the 

most suitable missile-target pair based on the current tactical context. The detailed operational workflow of 

the decoder is outlined as follows:

𝐼𝑡, ℎ̈𝑡 = GRU ( ̈𝐹𝑡−1, ℎ̈𝑡−1) (10)

̌𝐹𝑡 = 𝑊2 tanh(𝑊3𝐼𝑡 + 𝑊4𝐹𝑡) (11)

𝑃 𝑡 = softmax ( ̌𝐹𝑡) (12)

Where 𝑊2 , 𝑊3 , and 𝑊4 are learnable parameters. The formula (11) is an additive attention model. 𝑃 𝑡 is the 

probability of candidate missiles and targets in the formula (12).

Training Method

To optimize the policy parameters [52, 53], this approach utilizes two neural networks: a parameterized actor, 

which defines the policy by outputting action probabilities for weapon-target pairing, and a critic, which 

approximates the value function to evaluate the quality of states visited under the actor’s policy. Although 

the two networks may share a common feature extraction backbone, their output layers and optimization 

objectives remain distinct. The critic’s evaluation is used to formulate the policy gradient, guiding the actor’s 

updates toward regions of higher expected return. The resulting loss function for our deep reinforcement 

learning agent is defined as follows:

𝐽𝜋(𝜃) = 𝐸[(𝑅(𝜋) − 𝐵(𝑆)) log 𝑝(𝑎𝑡 | 𝑠𝑡, 𝜃)] (13)

Where 𝑅(𝜋) is a cumulative reward in formula (13), 𝐵(𝑆) is a critic’s function.
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Algorithm 1. The workflow actor-critic algorithm.

Training method: actor-critic algorithm

Input: policy model, training set 𝑆 , training epoch 𝑁 , batch size 𝐵 , customers 𝑀

Output: parameter 𝜃

Initialize parameters 𝜃 of policy model

for each = 1, 2, …, 𝑁 do

for batch = 1, 2, …, 𝐵 do

Generate training set 𝑆

while 𝑚 < 𝑀 do

Compute encoding features by the encoder

Compute the decoding information by the decoder

Compute the missile and target

end

Calculate the cumulative rewards 𝑅(𝜋)

Generate the loss function: 𝐽𝜋(𝜃) = 𝐸[(𝑅(𝜋) − 𝐵(𝑆)) log 𝑝(𝑎𝑡 | 𝑠𝑡, 𝜃)]

Update the parameters of the policy model

end

end

EXPERIMENTS

This section presents a comprehensive empirical evaluation of the proposed strategy model through simula

tions. A high-fidelity simulation environment is established to generate the experimental data necessary for 

performance assessment. The evaluation is organized into three distinct phases: (1) benchmarking the model 

against classical optimization algorithms to quantitatively validate its solution quality and computational 

efficiency, with a primary focus on the optimality gap. (2) The rigorous assessment of stability involves 

various operational uncertainties in the battlefield environment; (3) To verify the contribution of each core 

component, ablation studies are conducted, which involve altering individual modules to isolate their impact 

on overall performance.

Experimental data

This study utilizes the Advanced Framework for Simulation, Integration, and Modeling (AFSIM) to generate a 

comprehensive dataset for model training and validation. The simulated battlespace includes two heteroge

neous missile types: M1 (Cost = 1.0, P = 0.35) and M2 (Cost = 1.25, P = 0.70), which engage four classes of 

targets (T1, T2, T3, T4) with respective values of 1, 2, 3, and 8. And this study generated four types of missile-

target experimental groups: (12,6), (24,12), (36,18),(72,24), and (96,48). In each group, a total of 100,000 
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stochastic engagement scenarios were generated, with 70,000 instances allocated for training and 30,000 for 

validation. The time step Δt was set to 0.2 s. All algorithms implemented in Python 3.8 are executed on a high-

performance workstation equipped with NVIDIA RTX 3090 GPUs to ensure efficient training and inference.

Baseline Algorithms

To rigorously evaluate the performance of the proposed methodology, a comprehensive benchmarking 

framework was established, encompassing three distinct categories of comparative approaches: commercial 

mathematical optimization solvers, heuristic algorithms, and state-of-the-art deep reinforcement learning 

methods.

Commercial Solver

The commercial solver Gurobi, a widely recognized mathematical programming optimizer, is used to compute 

benchmark optimal solutions [54]. To balance solution optimality with computational tractability, Gurobi is 

applied exclusively to a small-scale scenario featuring a (12, 6) missile-target configuration in 120 seconds.

Heuristic methods

Genetic Algorithm (GA) and Ant Colony Optimization (ACO) are classical optimization techniques [55,56]. As a 

population-based evolutionary algorithm, GA is employed for its proven ability to efficiently explore complex 

solution spaces and generate high-quality, near-optimal solutions for combinatorial optimization problems. 

Inspired by the foraging behavior of real ant colonies, ACO is a swarm intelligence algorithm widely applied 

in academic research to solve path-finding and assignment problems, making it a relevant benchmark for 

this study.

Deep Reinforcement Learning

The proposed model is further compared against contemporary deep reinforcement learning approaches to 

assess its relative advancement. A standard deep reinforcement learning baseline incorporating Recurrent 

Neural Networks and attention mechanisms is commonly applied across various sequential decision-making 

and combinatorial optimization tasks [57]. A state-of-the-art approach predicated based on the Transformer 

architecture is currently at the forefront of research for solving complex optimization problems due to its 

superior sequence modeling and ability to capture dependencies [58].
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Comparison Analysis

Table 1 summarizes the experimental results across five distinct scenarios. The “Objective” column indicates 

the average combat benefit achieved in each case, while the “Gap” column quantifies the performance 

difference relative to the Genetic Algorithm (GA) baseline. The best optimization results are indicated in bold.

Table 1. Experimental results in multiple methods

Method (12, 6) 
Objec

tive

(12, 6) 
Gap/%

(24, 12) 
Objec

tive

(24, 12) 
Gap/%

(36, 18) 
Objec

tive

(36, 18) 
Gap/%

(48, 24) 
Objec

tive

(48, 24) 
Gap/%

(96, 48) 
Objec

tive

(96, 48) 
Gap/%

Gurobi 35.96 6.81 / / / / / / / /

GA 33.67 / 56.77 / 83.01 / 110.23 / 168.08 /

ACO 34.01 1.01 59.39 4.62 87.44 5.34 114.76 4.11 176.92 5.26

DRL 34.75 3.21 60.86 7.21 88.86 7.05 119.86 8.74 183.07 8.92

DRLTSF 35.11 4.28 60.73 6.98 89.00 7.22 121.54 10.26 189.49 12.74

DRLSTM 35.87 6.53 61.55 8.42 90.71 9.26 124.27 12.74 193.46 15.10

The experimental results summarized in Table 2 and Table 3 demonstrate the superior performance of the 

proposed method. Although the commercial solver Gurobi attains a slightly better objective value, it requires a 

computationally intensive runtime of 120 seconds. In contrast, the proposed DRLSTM method, as a generative 

model, delivers near-optimal solutions within milliseconds, highlighting a significant advantage in computa

tional efficiency for time-sensitive applications. When benchmarked against the Genetic Algorithm (GA), the 

proposed method demonstrates a significant performance improvement ranging from 6.53% to 15.10%. This 

performance gap widens as the scene scale increases, highlighting the superior scalability of our approach. 

Furthermore, the proposed method consistently outperforms existing deep reinforcement learning baselines, 

underscoring the benefits of incorporating dynamic spatiotemporal features into the optimization model. 

Collectively, these findings validate the proposed method’s balance between high solution quality and real-

time capability, demonstrating the significant potential of deep reinforcement learning for complex mission 

planning.
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Method (12,6) (24,12) (48,24) (96,48)

Gurobi

GA

ACO

DRL

DRLTSF

DRLSTM

1.20e+10 s

2.22e-2 s

1.94e+0 s

4.57e-4 s

8.28e-4 s

2.18e-3 s

/

4.37e-2 s

4.62e+0 s

2.69e-3 s

7.38e-3 s

1.45e-2 s

/

2.79e-1 s

1.57e+1 s

5.37e-3 s

1.20e-2 s

4.82e-2 s

/

1.83e+0 s

3.23e+1 s

4.19e-2 s

9.38e-2 s

1.14e-1 s

Robustness Analysis

Beyond mere optimality under ideal conditions, the stability and robustness of a model are paramount in 

assessing its practical viability and generalization capability, especially for mission-critical applications. Model 

stability is defined as the consistency and repeatability of performance under nominal operating conditions, 

ensuring that the model’s output does not exhibit significant variance due to intrinsic stochastic factors 

such as parameter initialization or data sampling order. Conversely, model robustness refers to the capacity 

to maintain core functional performance and degrade gracefully when subjected to external perturbations, 

including input noise, environmental dynamics, and distributional shifts, rather than failing catastrophically.

To quantitatively evaluate these indicators, we conducted a comprehensive empirical analysis across four 

distinct operational scenarios. As shown in Figure 2, the performance distribution of each model, including the 

proposed DRLSTM and several benchmark algorithms, was visualized using box plots. These plots effectively 

summarize key statistical measures, such as the mean and standard deviation of the performance metrics. The 

experimental results demonstrate that the proposed DRLSTM method produces box plots that are positioned 

lower (indicating superior average performance) and are shorter in length (signifying lower variance and 

greater stability) compared to all alternative approaches. Specifically, methods based on deep reinforcement 

learning consistently outperformed traditional heuristic algorithms in both solution quality and reliability 

in the (24, 12) engagement scenario. Furthermore, among the DRL methods, DRLSTM demonstrated clear 

superiority over its counterparts, such as DRL and DRLTSF. This performance advantage became increasingly 

pronounced as the scenario complexity escalated with larger numbers of missiles and targets. The consis-

tent outperformance of DRLSTM, characterized by higher median performance and narrower interquartile 

ranges across all tested conditions, provides compelling evidence of its enhanced stability and robustness, 

underscoring its suitability for real-world deployment where uncertainty and dynamic changes are inherent. 

Therefore, the comprehensive experiments on stability and robustness verify that our method is not only 

Table 2. Computational time of different methods
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effective in ideal conditions but also reliable and resilient in the face of uncertainties and adversarial situations, 

which is crucial for real-world deployment.

Figure 2. The Box Plots of Different Methods

Ablation Analysis

To quantitatively assess the contribution of spatio-temporal features to the optimization performance of the 

proposed DRLSTM, controlled ablation studies were conducted. Specifically, we developed two simplified 

variants: the Deep Reinforcement Learning Temporal Model (DRLTM), created by removing the spatial module, 

and the Deep Reinforcement Learning Spatial Model (DRLSM), created by removing the temporal module.

The evolutionary trends of the average optimization results for these ablated models, alongside the complete 

DRLSTM, are compared in Figure 3 under the (24, 12) and (36, 18) scenarios. The experimental results clearly 

demonstrate that both DRLTM and DRLSM exhibit statistically significant performance degradation compared 

to DRLSTM. The final performance of both ablated models is suboptimal, and their convergence speeds are 

notably slower. These findings collectively confirm that omitting either spatial or temporal features results 

in an incomplete state representation, causing the model to overlook critical task information and ultimately 

leading to poorer optimization performance and convergence behavior. This ablation analysis conclusively 

demonstrates the necessity of integrating both spatial and temporal modules within the proposed architec-

ture.

TEXTILE & LEATHER REVIEW | 2026 | 9 | 4012‐4033

https://doi.org/10.31881/TLR.2026.4012 4026

https://doi.org/10.31881/TLR.2026.4012


 ZHU Z et al.

CONCLUSION

WTA is a classic NP-hard combinatorial optimization problem in modern command and control systems. 

Optimizing WTA efficiency is crucial, as it directly minimizes operational costs and maximizes the engagement 

effectiveness of weapon systems. However, the inherent complexity of this problem is significantly amplified 

by the dynamic and uncertain nature of the modern battlefield, where real-time information updates demand 

highly adaptive decision-making. To address this critical challenge, this paper introduces a novel deep rein

Figure 3. Convergence Curve of Ablation experiments
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forcement learning framework that dynamically encodes the spatio-temporal features of the engagement 

environment. The proposed method is empirically demonstrated to outperform established commercial 

solvers, classical metaheuristics, and other state-of-the-art DRL baselines. By leveraging real-time situational 

awareness, our model facilitates more intelligent resource allocation, thereby significantly enhancing weapon 

system utilization and reducing overall operational costs.

Despite these promising results, our approach has several limitations that open avenues for future research. 

First, the current DRLSTM framework is primarily suitable for small- to medium-scale MTA problems. As the 

dimensionality of the battlespace increases, the computational cost of training rises nonlinearly, and the 

policy’s decision-making efficiency may decline. Therefore, developing scalable DRL architectures and efficient 

training paradigms for large-scale and ultra-large-scale scenarios is a primary objective for future work. 

Second, a limitation of the present study is that the graph model adopts homogeneous node processing and 

does not explicitly account for heterogeneous target categories, such as decoy-capable, heavily armored, or 

highly maneuverable threats. Although the proposed framework performs effectively under the considered 

settings, extending it with heterogeneous graph learning or threat-specific representation mechanisms would 

further improve its realism and generalization capability in complex combat scenarios.
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