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Abstract


Multi-agent decision-making faces many challenges such as non-stationarity and sparse rewards, while the complexity and randomness of the real environment further complicate policy development. This paper addresses the high-dimensional policy optimization problems of unmanned aerial vehicle (UAV) swarms. By modeling the problem scenario as a Markov decision process, a real-time policy optimization algorithm based on evolution strategy (ES) pre-training is proposed. This approach combines decision-time planning with background planning to evaluate and integrate different sets of policy parameters in a temporal context. In the experimental phase, the policy network is trained using both ES and REINFORCE algorithms on a constructed simulation platform. Comparative experiments demonstrate the effectiveness of using ES for policy pre-training. Finally, the proposed real-time policy optimization algorithm further improves the performance of the swarm by approximately 10% in simulations, offering a feasible solution for adversarial games between swarms and extending the research scope of evolutionary algorithms.
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1. Introduction


Deep learning has made significant breakthroughs in various fields such as natural language processing [1] and computer vision [2]. Deep reinforcement learning (DRL), which combines the representation advantages of deep learning with the sequential decision-making ability of reinforcement learning (RL), can effectively solve decision-making problems in continuous and high-dimensional spaces. DRL has been widely studied and applied in many fields such as game competition [3] and autonomous driving [4]. For example, the AlphaGo series of artificial intelligence [5,6] developed by DeepMind defeated top human players in the game Go. In recent years, DRL research has been more based on multi-agent systems, taking advantage of the transferability and generality of reinforcement learning while combining it with large language models to further improve the intelligence of the models created [7].



UAV swarm technology is considered to be a key component in future information-driven fields, with advantages such as high mobility and the ability to avoid casualties. The collaborative control and decision-making problems of unmanned swarms have attracted the attention of the RL community, and different modeling and learning algorithms have been proposed. Xuan et al. [8] applied the multi-agent deep deterministic policy gradient (MADDPG) [9] algorithm to the problem of the attack–defense confrontation of UAV swarms, enabling the UAVs to learn better strategies in simulations. Wang et al. [10] proposed a multi-agent reinforcement learning method that incorporates macro-level behaviors and human expertise for autonomous decision-making in UAV swarms, allowing high-level strategies to find near-optimal macro actions. Yin et al. [11] identified the limitation of heuristic algorithms, which easily fall into local optimization in the multi-UAV task allocation problem. To address this, they applied deep transfer reinforcement learning and proposed a learning algorithm based on QMIX [12]. Xing et al. [13] proposed a novel multi-UAV adaptive cooperative formation trajectory planning approach, which introduces long short-term memory (LSTM) into a multi-agent twin delayed deep deterministic policy gradient (MATD3) [14] network.



Although RL methods perform well in many task scenarios, they may still face many challenges in training large-scale agents, leading to problems such as credit assignment and non-stationarity [15]. Especially for some scenarios where reward signals are sparse, problems may arise in estimating future rewards, which will influence the agents’ current decision-making. In this case, black box optimization algorithms, which do not require the calculation of gradient information, provide another solution. For example, OpenAI applied an ES algorithm to reinforcement learning benchmark problems and achieved ideal experimental results [16]. However, there is still a research gap in extending ES to large-scale multi-agent scenarios and comparing its performance with reinforcement learning algorithms, which is a focus of this work.



Whether using reinforcement learning or evolution strategies, these decision-making methods primarily involve background planning. The entire action sequence is trained before any actual decision is made. This setting is more general and efficient in contemporary decision-making tasks. However, in practical problems, the state representation and state transition of the real world are more complex and sometimes full of randomness, which indicates that there is a gap in exploring agents’ policies based on real-time state information. If the agents can further analyze and make decisions based on real-time state information, this would be more transferable and closer to human decision-making methods, which is the idea behind decision-time planning. A typical example of this method is the Monte Carlo tree search (MCTS) [17,18] used in AlphaGo [5]. MCTS employs a Monte Carlo rollout to generate data by interacting with the environment, evaluating all possible actions before making a move.



A direct drawback of this type of method is the low efficiency of decision-making. Therefore, when solving practical problems, background planning and decision-time planning can be combined to design algorithms such as the guided policy search (GPS) [19]. Our solution here is to use methods such as model-free reinforcement learning to pre-train the initial policy networks and then evaluate and combine multiple pre-trained network parameters in the actual decision-making conducted by Monte Carlo rollout.



This paper mainly considers the adversarial game problem of large-scale UAV swarms. The mission scenario is modeled as an observable Markov decision process, which is then transformed into an RL task. For the update of the UAVs’ policy network, ES and REINFORCE algorithms are applied and compared on a constructed simulation platform. Through experimental data, we verify the effectiveness of ESs in multi-agent decision-making problems. Finally, a real-time policy optimization method with actual execution is designed and verified. This method primarily involves quick rollouts and combines the policies trained through background planning, allowing the UAV swarm to find better strategies based on its current state information.



The contributions of this paper are as follows:




	
In this paper’s UAV swarm attack scenario, using the ES algorithm to update the policy networks has clear advantages over traditional policy gradient-based reinforcement learning algorithms, such as REINFORCE (used in this paper).



	
Following the idea of MCTS, at each decision-making time step, the optional policies are evaluated and selected after rollouts. Based on the real-time optimization approach, the overall combat performance of a swarm can be improved by more than 10% through the combination of policy networks in a temporal sequence.



	
This real-time optimization method is a combination of background and decision-time planning. The final policy can be regarded as the trajectory of these decisions and a representation of the global policy in a temporal context.








The rest of this paper is organized as follows: Section 2 reviews the preliminaries of the policy-based reinforcement learning and evolution strategies. Section 3 introduces the proposed real-time policy optimization algorithm in detail after modeling the problem scenario. Section 4 shows the experimental setup and simulation results. Section 5 concludes the whole paper.




2. Preliminaries


2.1. Policy-Based Reinforcement Learning


In reinforcement learning, the interaction between an agent and the environment is usually represented as a Markov decision process (MDP) [20]   M = ( S , A , P , r , γ )  , where  S  and  A  represent the state and action space, respectively; the state transition function   P : S × A × S → [ 0 , 1 ]   is denoted as a probability   P (  s ′  | s , a )  , and r is the reward function. The goal of RL is to learn a policy   π ( a | s )   that maximizes the expected cumulative rewards    E π   [  ∑  t = 0  T   γ t   r t  ]   . The discount factor   γ = [ 0 , 1 ]   is used to balance the current reward and future rewards.



Different types or RL algorithms can be categorized based on how they solve the MDP. This section mainly introduces policy-based RL, as it is similar to ESs and is also the method used in the subsequent experiments. Unlike value-based methods, which use a function approximator to represent the value function, policy-based RL methods directly parameterize the policy   π ( a | s ; θ )   and update it by the approximate gradient ascent of the expected return. The theoretical foundation of such algorithms is primarily based on the policy gradient theorem proposed by Sutton [21]. When the policy function is differentiable with respect to its parameters, that is,     ∂ π ( s , a )   ∂ θ     exists, then for any MDP, the gradient of the objective function with respect to the policy parameter can be expressed, as follows, by Equation (1):


   ∇ θ  J  ( θ )  =  E π    ∑  t = 0  ∞   γ t   ∇ θ  log  π θ   ( a ∣ s )   q π   ( s , a )    



(1)







A typical representative is the REINFORCE family of algorithms [22]. The standard REINFORCE algorithm estimates the return   G t   from sampled trajectories using the Monte Carlo method:


   θ  t + 1   ←  θ t  + α  γ t   G t  ∇ log π   a t  ∣  s t  ;  θ t    



(2)







In Equation (2),  α  represents the learning rate. It can be proven that the expected value of the sampled gradient is an unbiased estimate of the actual gradient. Additionally, we can subtract a baseline from the estimate to reduce variance while maintaining unbiasedness [23]:


   ∇ θ  log π   a t  ∣  s t  ; θ    G t  −  b t    



(3)








2.2. Evolution Strategies


Evolution strategies (ESs) are a class of black-box optimization algorithms inspired by the idea of natural evolution [24]. In each iteration, noise is added to the population of parameter vectors, and the next generation is a recombined population according to the perturbed fitness values. A common ES method is the covariance matrix adaptation evolution strategy (CMA-ES) [25], which updates the mean vector and covariance matrix during each iteration. It is particularly suitable for solving medium- and low-dimensional problems. Another class of ES is natural evolution strategies (NESs) [26]. Let   J ( · )   be the objective function of  δ  and    p ψ   ( δ )    denote the distribution of the population. The goal is to maximize the average value    E  δ ∼  p ψ    J  ( δ )    through a stochastic gradient ascent search with respect to  ψ . The gradient is given by    ∇ ψ   E  δ ∼  p ψ    J  ( δ )   .



OpenAI-ES [16] is an improved method based on an NES which can be applied to RL benchmark problems as a gradient-free optimizer to search for the optimal policy   π θ  , which is parameterized by  θ . The objective function   J ( θ )   reflects the overall return of an episode. In OpenAI-ES, the population distribution   p ψ   of the parameter  θ  is a multivariate Gaussian distribution with mean   θ t   and variance    σ 2  I  , where the mutation strength  σ  is constant. Similar to the method in NESs, the approximate gradient of the expected reward can be estimated by Equation (4):


      ∇ ψ   E  θ ∼  p ψ     [ J  ( θ )  ]      =  E  θ ∼  p ψ     J  ( θ )   ∇ ψ  log  p ψ   ( θ )            ≈   1 n    ∑  i = 1  n  J   θ t    ∇ ψ  log  p ψ   ( θ )      



(4)




where n represents the population size of each iteration.



In each iteration, Gaussian noise is added to the parameter vector    θ t  + σ ϵ  , where   ϵ ∼ N ( 0 , I )  . The gradient of the expected return can then be estimated using the average of the sampled perturbated parameters:


   ∇  θ t    E  ϵ ∼ N ( 0 , I )    J   θ t  + σ ϵ   ≈   1  n σ     ∑  i = 1  n  J   θ t  + σ  ϵ i    ϵ i   



(5)







ES algorithms usually lack a detailed convergence analysis; however, the convergence properties of OpenAI-ES have been well validated. It can be proven to be a first-order approximation of a gradient-based adaptive stochastic search (GASS) [27]. Building on OpenAI-ES, the subsequent algorithm was proposed with NS-ES [28], incorporating a novelty search (NS) [29] and quality diversity (QD) [30] to enhance the performance of policy learning in sparse-reward or deceptive environments. A previous work by our team, the integrated evolution strategy (IES) [31], considered the effects of different noise types on parameter space exploration and applied these findings to large-scale UAV swarm scenarios. Some studies have also applied other evolutionary algorithms to update RL policy networks, such as genetic algorithms (GAs) [32]. Another exciting avenue for policy learning is the combination of evolutionary algorithms with DRL, which is a direction that has been proposed in the learning field [33,34,35].





3. Methodology


3.1. Scenario Modeling


The scenario considered in this paper involves a swarm of UAVs attacking a base defended by another UAV swarm. Both sides are armed and capable of engaging enemies within their attack range. The ultimate optimization goal is to either destroy the base or shoot down as many defending UAVs as possible.



We transform this decision-making problem into an observable MDP, which can be represented by the tuple   ( S , A , r , γ )  , where  S  and  A  represent the state and action spaces of the UAVs. For each attacking UAV i, its state information   s t i   at each time step t includes its own motion state, the motion states of the 5 nearest neighboring UAVs (determined by the k-nearest neighbors algorithm [36]) on both the friendly and enemy sides, and its position relative to the base and its initial position:


   s t i  =  s self  +  s  base  i  +  ∑  k = 1  5   s  friend _ k  i  +  ∑  k = 1  5   s  enemy _ k  i   



(6)







The information exchange between UAVs of the same team is shown in Figure 1a. The four types of state information above are composed of the following elements seen in Equation (7).   s self   includes the UAV’s own position, velocity, and heading.   s friend   and   s enemy   mainly include the relative positions, relative velocities, and distances between UAVs, while   s friend   also includes the heading of friendly UAVs.


      s self  =  x , y , z ,  v x  ,  v y  ,  v z  , θ , ψ , ϕ         s friend  =  Δ x , Δ y , Δ z , Δ  v x  , Δ  v y  , Δ  v z  , θ , ψ , ϕ , d         s enemy  =  Δ x , Δ y , Δ z , Δ  v x  , Δ  v y  , Δ  v z  , d         s base  =  Δ  x h  , Δ  y h  , Δ  z h  ,  d h  , Δ  x b  , Δ  y b  , Δ  z b  ,  d b       



(7)







The deterministic policy  π  outputs the action vector   a t i   according to the state information


   a t i  =  (  v t i  ,  h t i  ,  p t i  )   



(8)




where    v t i  ,  h t i   , and   p t i   represent the UAV’s speed, heading, and position at the next time step, respectively. This setup of the action vector ensures the continuity of these actions. The reward function   r (  s t  ,  a t  )   evaluates overall swarm performance, awarding positive rewards for shooting down enemies and attacking the base. The episode terminates when all attacking UAVs are shot down or the maximum time for an episode is reached.



Each UAV is equipped with an attack module aligned with the aircraft’s direction, capable of hitting targets within a given range with probability k, where k depends on the distance between the UAV and the target. When the distance is within the attack range, the UAV will engage the target, as shown in Figure 1b. The actual probability of shooting down a target is expressed as


  p = k    S t i   S max     



(9)




where the area of the target i visible to the UAV at time t is denoted as   S t i  , and   S max   represents the maximum possible area. The UAVs are also equipped with controllers that generate actual control commands based on the output actions.




3.2. Policy Network


The parameterized policy function   π ( a | s ; θ )   is approximated by a shared-weight neural network. At each time step, the UAV’s sensor collects state information   s t i  , which serves as the input to the network. This input is processed by the neural network, which then outputs the action   a t i   for the controller. The policy network is updated using ES or policy gradient RL algorithms.



In OpenAI-ES, rank normalization is applied to prevent excessively large reward signals from disproportionately influencing parameter updates before performing the weighted summation of fitness values [37]. Similarly, we apply fitness shaping to the reward function by using a rank transformation function to control the rewards to within a specific range. The final parameter optimization method is outlined in Algorithm 1.



For comparison, we use the classic RL REINFORCE algorithm by averaging multiple sampled trajectories. The entire process, from obtaining state information to the policy update, is represented in Figure 2.






	Algorithm 1 UAV Swarm Policy Network Optimization Based on OpenAI-ES



	
	Input: 

	
Initial policy parameters   θ 0  , learning rate  α , noise standard deviation  σ , policy evaluation function   J ( · )  , total number of iterations N.




	1:

	
 for   t = 0 , 1 , 2 , … , N   do




	2:

	
    Sample by noise:    ϵ 1  , … ,  ϵ n  ∼ N  ( 0 ,  I  n × n   )   




	3:

	
    Compute evaluation function:    J i  = J  (  θ t  + σ  ϵ i  )   




	4:

	
    Fitness shaping:    r i  = r a n k  (  J i  )  ,  r i  ∈  [ 0 , 1 )   




	5:

	
    Update parameters:    θ  t + 1   ←  θ t  + α   1  n σ     ∑  i = 1  n   r i   ϵ i   




	6:

	
 end for




	Output: 

	
Policy parameters   θ N  















3.3. Real-Time Policy Optimization Algorithm


The proposal of a real-time policy optimization algorithm is driven by practical application needs. In the real world, environmental information is more complex and state transitions are more uncertain. Agents require the ability to make optimal decisions based on real-time state information, rather than relying on a fixed policy. Therefore, this paper introduces a real-time policy optimization algorithm based on pre-training, which takes into account both decision-time planning and background planning. This approach does not require the continuous optimization of a specific network by updating parameters, instead, it combines different sets of policy parameters in a temporal sequence. The algorithm is structured into three stages: pre-training the policy network, simulation-based rollout and evaluation, and policy combination.



3.3.1. Pre-Training the Policy Network


The training of deep neural networks often requires extensive labeled data and computing resources. However, an excess of parameters may lead to overfitting. To achieve the efficient training of deep learning models with limited data, transfer learning has encouraged the exploration of pre-trained models (PTMs) [38]. PTMs typically consist of two stages: pre-training and fine-tuning. In the pre-training phase, the model is trained on large-scale datasets to learn general feature representations. In the fine-tuning phase, the model is adjusted with a smaller dataset to meet specific requirements. Recently, large language models like BERT [39] and GPT [40], which are based on pre-training methods, have become focal points in artificial intelligence.



The integration of DRL and PTMs is also becoming increasingly popular within the RL community [41]. For example, AlphaGo uses supervised learning and self-play during its training process to pre-train policy and value networks. Traditional RL algorithms are typically designed for specific scenarios, but recent research has considered constructing generalist models using data from different tasks and modalities [42,43].



The goal of pre-training in this context is to generate several optional policies in advance, allowing real-time policy optimization without the need to retrain the networks. Moreover, using an appropriate learning algorithm ensures the effectiveness of the pre-training process, necessitating the simulation verification of the basic learning algorithm. Although it is possible to remove pre-training, asynchronously update parameters, and directly apply real-time planning, this would result in lower computational efficiency, which contradicts our design goals.



This specific operation involves using RL or ES methods to train n policy networks, resulting in a set of n policies parameterized by   {  θ 1  , … ,  θ n  }  . During this process, the algorithm and experimental setup can be adjusted during different rounds of iteration, such as by modifying the weights of the reward function or changing the number of UAVs. The purpose is to provide more diverse options for actual policy deployment.




3.3.2. Simulation-Based Rollout and Evaluation


The MCTS in AlphaGo is combined with a rollout algorithm to quickly simulate all possible moves until the end of the game, allowing for the further evaluation of each move. However, in our scenario, the possible positions for each UAV, constrained within a continuous three-dimensional space, far exceed the 361 positions on a Go board. Therefore, a compromise is made by performing rollouts on different sets of policy parameters.



Let the number of samples be   N k  , and the time step for policy evaluation be t. During an episode, starting from the current evaluation time step, n rollouts are performed. For each set of parameters   θ i  ,   N k   samples are drawn from the population’s distribution:    λ 1 i  ,  λ 2 i  , … ,  λ   N k   i   . Then the simulation is run to the end of an episode and complete scenario information is returned (such as the flight distance and the number of downed UAVs).



The evaluation is based on the information obtained at the end of the episode, which is gathered by calculating the average cumulative rewards of different policies:


   R t   (  θ i  )  =   1  N k     ∑  k = 1   N k    ∑ t T   γ t   r  i , k    (  s t  ,  a t  )   



(10)




where   r (  s t  ,  a t  )   refers to the reward function and   r  i , k    corresponds to the reward value of sample   λ k i  .




3.3.3. Policy Combination


At each evaluation time step, the network parameters with the best rollout results are selected. Specifically, we identify the network parameters corresponding to the highest average cumulative rewards,   max {  R 1  , … ,  R n  }  , among the n rollouts at the current time step t. These parameters   θ t   are then used as the current policy for the UAVs:


   θ t  =  argmax  θ i    R t    θ i    



(11)







Then,   θ t   is combined with the previously selected parameters in chronological order, as follows:


  <  θ 0  , … ,  θ  t − 1   ,  θ t  >  



(12)







The process of policy selection and combination can be described using Figure 3, and the policy expression corresponding to this process is shown in Equation (13):


  π  ( s , θ )  =      π  s ,  θ 0   ,     0 ∼  t 1        π  s ,  θ 1   ,      t 1  ∼  t 2       ⋮   ⋮      π  s ,  θ  T − 2    ,     T − 2 ∼ T − 1       π  s ,  θ  T − 1    ,     T − 1 ∼ T       



(13)







Our proposed method simplifies and differs significantly from the MCTS used in AlphaGo, largely due to the characteristics of our task environment. The continuous action space prevents each action from being adequately expanded and evaluated, thus we only make selections based on the parameterized policy. Simplification is essential for several reasons. Firstly, the previous training phase did not incorporate a value network. Secondly, in the case of large-scale UAV swarms, simulating up to the end of an episode with a given policy already demands substantial computational resources. As a result, employing more complex selection and combination strategies would be inefficient.




3.3.4. Algorithm Overview


After the design of the algorithm in three stages, we now propose a real-time policy optimization algorithm for UAV swarms, as detailed in Algorithm 2.






	Algorithm 2 Real-Time Policy Optimization for UAV Swarms



	
	Input: 

	
Pre-training policy network parameters    θ 1  , … ,  θ n   




	1:

	
 for   t = 0 , 1 , 2 , … , T − 1   do




	2:

	
    for   i = 1 , … , n   do




	3:

	
    Policy network   π ( s ,  θ i  )  




	4:

	
    Sample from population distribution:    λ 1 i  ,  λ 2 i  , … ,  λ   N k   i   




	5:

	
    Compute average cumulative rewards after rollouts:


                   R t   (  θ i  )  =   1  N k     ∑  k = 0   N k    ∑ t T   γ t   r  i , k    (  s t  ,  a t  )   












	6:

	
    end for




	7:

	
    Select policy at time step t:   π  ( s ,  θ t  )  =  argmax  θ i    R t    θ i    




	8:

	
    Combine policy parameters:   <  θ 0  , … ,  θ  t − 1   ,  θ t  >  




	9:

	
 end for




	Output: 

	
Final combined policy parameters   <  θ 0  , … ,  θ  T − 1   ,  θ T  >  














For Algorithm 2, the main difference in its computational complexity compared to Algorithm 1 is that it does not require N training iterations. Ignoring the sample size, at time t, Algorithm 2 needs to simulate the results of n policies, which is much smaller than N. Additionally, the simulation time for each policy is shorter, and there is no need to perform fitness shaping to compute a new policy.



Finally, we explain why the algorithm combines the ideas of decision-time planning and background planning. In decision-time planning, the optimization variable is typically an action trajectory    a 0  ,  a 1  , … ,  a T   , with the goal of maximizing the return of that trajectory:   J   a 0  , … ,  a T   =  ∑  t = 0  T   γ t   r t   . In background planning, the variables often represent policy or state values, denoted by the parameter  θ . The goal is to maximize the expected return starting from the initial state by optimizing these parameters:   J  ( θ )  =  E  s 0     ∑  t = 0  T   γ t   r t    . In our optimization algorithm, although the pre-training policy networks come from background planning, the ultimate optimization objective is to find a sequence of time-dependent policy parameters. This approach is similar to generating an optimal action trajectory, rather than merely updating the initial global parameters. Furthermore, the sequence elements are parametric representations of the policy, which can be obtained through supervised learning, forming a set of global policy parameters under temporal conditions. It is also important to note that this method differs from the GPS framework, where decision-time planning is applied to produce trajectory data for training.






4. Experiments and Results


4.1. Experimental Setup


This experimental design is based on the scenario modeled in Section 3.1. The simulation environment is a mountainous area and the simulation consists of UAVs from both the attacking and defending sides, as well as the defenders’ base. The red attacking swarm is composed of 50 fixed-wing UAVs with 6 degrees of freedom (6DoF), while the blue defending side consists of 40 quadrotor UAVs. The scenario is depicted in Figure 4. The motion of the UAVs follows their respective dynamics and kinematic equations [44,45].



The initial positions of the UAVs are located within a fixed range at the edge of the combat area. At the start of the episode, the defending UAVs maintain relatively fixed positions near the base and repeatedly attack the invading enemies based on manually designed policies. The attacking swarm aims to advance toward the base, attempting to shoot down defending UAVs or crash directly into the base. Its policy is to target optimization and is parameterized by a feedforward neural network   f (  s t  ,  θ t  )  .



Both UAV swarms evaluate their policies through the following reward function shown in Equation (14):


  r = 10 ×  n kill  + 60 ×  n col  − 0.0001 ×  n dis   



(14)




where   n kill   is the number of enemies shot down,   n col   is the number of UAVs that collided with the base, and   n dis   is the total distance between the remaining UAVs and the base at the end of the episode. In this scenario, we believe that directly attacking the base is more important, so this reward setup prioritizes attacking the base over aerial combat. The distance term encourages the swarm to move toward the defenders’ base from the beginning of the simulation. However, it is important to note that the weighting is not fixed; it can be flexibly adjusted according to the strategy’s requirements, allowing the UAV swarm to learn more diverse policies. The parameters used in this experimental scenario can be found in Table 1.




4.2. Comparison of Pre-Training Algorithms


In reinforcement learning, cumulative return is typically calculated by applying a discount factor. However, in this section,  γ  is set to 1 to enable direct comparison with the rewards used in the ES algorithm. Additionally, due to the sparse rewards in the environment, the policy parameters in the RL experiments are updated per episode, which is the same step size as in the ES algorithm experiments.



LeCun initialization [46] is employed for network initialization, and the REINFORCE algorithm is updated based on the average return of 10 sampled trajectories. Figure 5 shows the results of multiple rounds of 3000 training iterations, with the red curve depicting the variation of the average reward value. Even though relatively high rewards may be observed in the early stages of training, the rewards eventually stabilize below 100 as the training advances, suggesting that the training performance is not satisfactory. Various attempts have been made to improve this, such as using different update step sizes, discount factors  γ , and initialization methods, but all experimental results show that REINFORCE is ineffective at training the policy in this multi-agent environment.



Figure 6 shows the results of using the ES algorithm from Algorithm 1 to train policy networks in the same scenario. The sample size of per generation   N k   is limited to 10, in order to approximate the computational effort of the previous REINFORCE experiment. Typically, the sample size per generation should be larger to better evaluate the current parameters. Compared to the REINFORCE algorithm, the experimental results of the ES algorithm are significantly better, with the maximum reward over 650. The reward value increases rapidly and gradually stabilizes over iterations.



In order to compare these two algorithms intuitively, an air combat scenario is designed where two swarms with the same number of UAVs are trained using the REINFORCE and ES algorithms. In this scenario, there is no information or setup regarding the base, so the reward signals for both swarms primarily reflect the number of   n kill   from Equation (14). Figure 7 presents the simulation results of 20 UAVs engaging in combat.



According to the results, the ES algorithm demonstrates clear advantages over REINFORCE in this scenario. The reward of the Team1 UAVs, utilizing the ES algorithm, consistently exceeds 100, whereas the Team2 UAVs, employing REINFORCE, exhibit a significantly lower performance. Both swarms consist of 20 UAVs, so when the average reward approaches 200, this indicates that most of the enemy UAVs have been shot down.



Therefore, based on the simulation results from both scenarios, we decided to use the ES algorithm as the initial method for training the policy network. Some hyperparameter designs for ES pre-training are introduced in the next Section 4.3. The results align with our initial hypothesis, as estimating the reward signal gradient is highly challenging in a sparse-reward environment. For instance, in the early stages of an episode, agents first need to autonomously locate targets in a vast environment, during which time few reward signals are generated. As a result, applying REINFORCE makes it difficult to achieve the desired effect.



For ES, since no gradient information is required, there is no need to worry excessively about the structure of the policy network. Additionally, as ES directly samples the parameters of the policy function, the training process tends to be more stable. When dealing with long-term credit assignment issues, ES may be an alternative choice, especially in scenarios where the episode’s duration is long, or actions have lasting effects.




4.3. Real-Time Policy Optimization Experiments


Based on the experimental results in Section 4.2, the ES algorithm was selected to pre-train the policy networks. Before conducting real-time policy optimization, we first provide some hyperparameter settings for training ES. As we mentioned earlier, the sample size per generation is important for updating parameters. Figure 8 shows the algorithm’s training performance with different sample sizes per generation, represented by   N k  . When    N k  = 200  , the reward is the best among these three sizes. Although it requires more training time, the larger sample size better reflects the true distribution of the population.



It also can be observed from Figure 8 that, regardless of whether   N k   is set to 10 or 200, the training process using evolution strategies appears to converge. However, when    N k  = 200  , the highest reward score during the training iterations can exceed 1000 points. In this figure, the testing curve shows the reward results obtained by directly sampling from the population distribution when    N k  = 200  , without adding noise to the current parameters   θ t  . As a result, the reward values of this curve are higher than those during training. In real-time policy optimization, we directly select and combine policy parameters without the need for iterative updates. Therefore, in the subsequent experiments, noise-free policy parameters are optimized directly.



The number of training iterations, represented by N, is set to 2000, as the reward value has stabilized to a relatively consistent level when N approaches 2000. Detailed hyperparameter settings can be found in Table 2. With this setup, we obtained a total of 20 sets of network weight parameters, while each training round took over 30 h.



During the real-time policy optimization process, the parameters were not iteratively updated. With the evaluation time step set to 10 s, 20 rounds of policy evaluation and combination were performed within an episode, resulting in the optimized combined policy.



In each round of experiments, several policy parameters were randomly selected as the initial optional policies. The first rollout determines   θ 0  , after which the experiment proceeds according to the process outlined in Algorithm 2. Figure 9 shows the optimization results of one round of rollout using two optional initial policy networks.



The points connected by polylines represent the highest average reward of the combined policy at each corresponding moment after evaluation. Therefore, the network parameters corresponding to each node are the policy selected at that moment. After a complete round, the policy’s performance increases from an average of 1215.13 points to a final 1324.49 points, an increase of approximately 9%. The final combined policy can be interpreted as follows: use the parameters of policy network 1 during 0–30 s, 40–60 s, and 80–190 s and the parameters of network 2 for the remaining time periods. The experimental results of another round of policy optimization using five initial networks are shown in Figure 10.



The optimized policy in the diagram actually only uses the parameters of four different networks, and the network corresponding to the blue square, which refers to network 5, is never selected during the simulation episode. After 20 rounds of evaluation and combination, the task performance increases from 1281.97 points while using network 2 to 1411.78 points, a 10.1% increase. The experimental data show that this real-time optimization method can further enhance existing policies during deployment, as optional policies are evaluated and selected based on the current state at each evaluation time step, leading to a performance that exceeds that of any single policy.



To further analyze and compare the experimental results of the REINFORCE, ES, and real-time policy optimization algorithms, we averaged and summarized the multi-round experimental data generated to obtain the results presented in Table 3. The battle information of the red attacking UAV swarm using different algorithms at the end of the simulation is shown in Table 4, which provides a general reflection of the performance of the attack policies used. Due to the design of the reward function, the performance of the offensive swarm is primarily reflected in the difference in the number of base attacks. Although the number of killed enemy UAVs mapped to the real-time policy optimization using five networks is not the highest, its final reward still reaches nearly 1400 points.



In theory, a potential issue with this real-time optimization method is that the parameters of the initially selected network might consistently outperform others, resulting in the same policy being used throughout. However, after more than 20 rounds of experiments, this situation did not occur. This may be due the use of well-prepared pre-trained networks, but it also suggests that the method is generally effective. Additionally, we observed that selecting the policy combination with the highest scores does not always yield the best performance. In contrast, random combinations of different policies sometimes perform better. To encourage more diverse exploration during this process, methods such as   ε − g r e e d y   can be employed, or the sample evaluation of various combinations could be drawn from the experience replay pool.





5. Conclusions


Research on UAV swarms has attracted significant attention in both civilian and military domains. Correspondingly, multi-agent deep reinforcement learning has also attracted widespread interest in the field of RL, leading to numerous outstanding research results. However, large-scale-swarm adversarial games often face challenges such as sparse or non-stationary rewards. The randomness and complexity of real-world environments can make it difficult for agents to obtain policy gradient information or handle unprecedented state information, and all of these factors may complicate multi-agent decision-making.



In our work, we first verify that the ES algorithm can handle some multi-agent RL tasks successfully. The gradient-free ES method is used as an optimizer of the agents’ policy networks and applied to large-scale UAV-swarm adversarial games. The experimental results show that ES is more effective than some traditional policy-based RL approaches. By using our ES method, the UAV swarm can quickly learn efficient attract strategies and achieve stability in less than 2000 training iterations, while training with the REINFORCE algorithm is unsatisfactory. Inspired by the work of AlphaGo, we propose a real-time policy optimization algorithm for UAV swarms, which is able to improve swarm performance in practical combat scenarios by combining policy networks within a given time step. Real-time policy optimization experiments demonstrate that the algorithm can increase the cumulative rewards by approximately 10% on the basis of ES pre-training. This method does not require a significant amount of solving time; it can be completed with only a limited number of rollouts. Additionally, if more initial policies are provided for selection and reduce the time step, better policies may be obtained.



In terms of future prospects, one promising direction is to ensure the security of multi-agent systems, particularly when managing decision-making during communication disruptions or mechanical failures, which is crucial in practical applications. Another direction is to optimize the methods used in multi-agent reinforcement learning. Although our algorithm uses ES to pre-train policy networks, and we have analyzed why the REINFORCE algorithm failed, it does not mean that RL methods do not work. Whether through more effective knowledge extraction techniques or enhancing agent interactions, these advancements could contribute to complex decision-making tasks.
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Figure 1. UAV information exchange and attack ranges. (a) Information communication with the 5 nearest neighboring UAVs. (b) Description of the attackable radius and range of a single UAV. 
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Figure 2. UAV policy network update process. 
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Figure 3. Policy selection and combination. The red lines between the nodes in the figure indicate that the policy corresponding to the previous node is selected during this period. 
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Figure 4. UAV swarms’ attack and defense confrontation scenario. 
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Figure 5. Training of the attacking policies for UAVs using the REINFORCE algorithm. 
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Figure 6. ES algorithm training of the attacking policies for UAVs, with a sample size per generation of    N k  = 10  . 
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Figure 7. Swarm combat simulation using the ES and REINFORCE algorithms. The red curve represents the ES algorithm, while the blue curve represents the REINFORCE algorithm. 
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Figure 8. ES training with different sample sizes per generation. 
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Figure 9. The real-time optimization of two policy networks. The green and blue nodes represent the reward values of the two policies at corresponding moments, indicating the total reward scores after applying the rollout at each time step. 
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Figure 10. Real-time optimization of five policy networks. 
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Table 1. Experimental parameters.
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	Parameter
	Value
	Description





	   N 1   
	50
	Number of red fixed-wing UAVs



	   N 2   
	40
	Number of blue quadrotor fixed-wing UAVs



	T
	200
	Maximum time of each episode (s)



	t
	0.5
	Decision time step (s)



	l
	100
	Attackable range (m)



	k
	0.5∼1
	Range of hitting probability










 





Table 2. ES training parameters.
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	Parameter
	Value
	Description





	N
	2000
	Number of training iterations



	   N k   
	200
	Sample size per generation



	  α  
	0.01
	Learning rate



	  σ  
	0.02
	Noise standard deviation



	   [  β 1  ,  β 2  , ε ]   
	[0.9, 0.999, 1 ×   10  − 8   ]
	Adam optimizer parameters



	   n l   
	3
	Number of neural network layers










 





Table 3. Average cumulative rewards of different algorithms.
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	Algorithm
	Reward





	REINFORCE
	46.436



	ES(10 samples)
	870.589



	ES(200 sample)
	1268.514



	Real-time policy optimization (two networks)
	1321.088



	Real-time policy optimization (five networks)
	1377.997










 





Table 4. Battle status information of different algorithms.
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Attack

	
Killed Enemy

	
Killed

	
Ground




	
Algorithm

	
Base

	
UAVs

	
UAVs

	
Collisions






	
REINFORCE

	
0

	
5

	
13

	
7




	
ES (10 samples)

	
5

	
32

	
35

	
0




	
ES (200 samples)

	
15

	
35

	
30

	
0




	
Real-time policy optimization (two networks)

	
17

	
34

	
31

	
0




	
Real-time policy optimization (five networks)

	
19

	
26

	
30

	
0
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