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Abstract 
To provide quantitative analysis of strategic confrontation game such as cross-
border trades like tariff disputes and competitive scenarios like auction bid-
ding, we propose an alternating Markov decision process (AMDP) based ap-
proach for modeling sequential decision-making behaviors in competitive 
multi-agent confrontation game systems. Different from the traditional Mar-
kov decision process typically applied to single-agent systems, the proposed 
AMDP approach effectively captures the sequential and interdependent deci-
sion-making dynamic characteristics of complicated multi-agent confronta-
tion environments. To address the high-dimensional uncertainty resulting 
from the continuous decision-making space, we integrate the deep double Q-
value network (DDQN) learning into the AMDP framework, leading to the 
proposed AMDP-DDQN approach. This integration enables agents to effec-
tively learn their respective optimal strategies in an unsupervised manner to 
approximately solve the optimal policy problem, thereby enhancing decision-
making quality in strategic confrontation tasks. As such, the proposed AMDP-
DDQN method not only accurately predicts the confrontation game outcomes 
in sequential decision-making, but also provides dynamic and data-driven de-
cision support that enables agents to effectively adjust their strategies in re-
sponse to evolving adversarial conditions. Experimental results involving a 
strategic confrontation scenario between two countries with different situa-
tions of security, economy, technology, and administration demonstrate the 
effectiveness of the proposed approach. 
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1. Introduction 

Strategic confrontation game [1] refers to competitive interactions among multi-
ple agents, each aiming to maximize its own interests or objectives through adver-
sarial decision-making and strategic actions. Typical examples include cross-bor-
der trades (e.g., tariff disputes), competitive market scenarios (e.g., auction bid-
ding, price competition), and negotiation or bargaining processes, etc. Such com-
petitive dynamics in confrontation game fundamentally differ from cooperative 
scenarios, as each participant in confrontation game system explicitly seeks supe-
riority or dominance rather than mutual benefit in cooperative game. Among 
these contexts, international relations are a prominent example of strategic con-
frontation game and characterized by sequential and competitive interactions 
among nation-states across security, economy, technology, and administration 
[2]. Due to the high uncertainty and profound consequences inherent in strategic 
confrontation games, it is crucial to develop systematic models of such competi-
tive interactions using rigorous quantitative methods. As such, effective modeling 
of strategic confrontation game not only enhances understanding of adversarial 
sequential behavior, but also offers strategically meaningful insights and reliable 
decision-making support for policymakers engaged in international strategic 
competition. 

Game theory, developed in the early 20th century, has become a cornerstone 
for advancing the understanding of strategic interactions under competitive set-
tings [3] [4]. The seminal work of Von Neumann and Morgenstern [5] has estab-
lished a rigorous mathematical foundation for analyzing decision-making in con-
flict scenarios. Building upon this foundation, the development of extensive-form 
games (EFGs) [6] [7] significantly extends the descriptive capability of game the-
ory by modeling multi-stage strategic interactions for sequential decision-making 
process through tree-structured representations. In addition, Bayesian game [8] 
addresses problems with incomplete or asymmetric information by introducing 
belief systems and probabilistic reasoning into strategic decision-making. This 
framework allows the agent to update its strategy based on private information and 
expectations about other agents, making it particularly useful for modeling uncer-
tainty in strategic confrontation game. Another line of advanced methods for de-
cision-making includes the evolutionary game theory [9] which shows how strat-
egies evolve over time or potentially punish past behaviors through mechanisms 
such as replication, mutation, and selection. As a practical implementation of stra-
tegic modeling, the RAND Strategic Assessment System (RSAS) [10]-[12] repre-
sents an early effort to simulate strategic decision-making, notably between the 
United States and the Soviet Union during the Cold War. While RSAS illustrates 
the practical utility of game-theoretic simulation in national security analysis, its 
reliance on expert-defined rules and lack of learning mechanisms limit its ability 
to model the uncertain dynamic behavior of modern strategic confrontations. 

Despite certain appealing theoretical features, classical game-theoretic models 
[5]-[9] are subject to inherent limitations when addressing modern strategic con-
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frontation scenarios, particularly for those involving high uncertainty and multi-
agent dynamics in confrontation international relations. In fact, real-world con-
frontations often feature high-dimensional state and action spaces, substantial un-
certainty for observations, and non-equilibrium behaviors among multiple com-
petitive agents. Classical game theory typically assumes rational decision-making 
and equilibrium-based assumptions that rarely hold in complicated competitive 
confrontation environments. Consequently, there is an increasing demand for 
flexible and scalable frameworks that can effectively model the sequential, adver-
sarial, and uncertain characteristics for strategic confrontation game. 

To overcome the limitations of classical game-theoretic approaches in model-
ing sequential and uncertain decision-making, Markov decision process (MDP), 
introduced by Bellman in the 1950s [13], provide a foundational framework for 
representing agent behavior under uncertainty through probabilistic state transi-
tions and reward-driven optimization. Then, the development of partially observ-
able Markov decision process (POMDP) [14] further extends this framework to 
the case with incomplete or noisy observations. Building on these foundations, 
the multi-agent reinforcement learning based approaches [15]-[17] have achieved 
promising results in adversarial decision-making for modeling multi-agent game 
systems such as in extended Boid modeling for drone or UAV swarms [18]-[20]. 
However, these methods typically rely on the assumption of shared goals or 
aligned incentives among agents. This fundamentally limits their applicability to 
adversarial domains like strategic confrontations such as in international rela-
tions, where agents usually pursue conflicting objectives and seek to maximize 
their advantage over opponents rather than cooperate toward mutual benefit. 

In recent years, deep reinforcement learning (DRL) [21]-[24], as an in-depth 
combination of artificial neural network and reinforcement learning, has opened 
new avenues for modeling complicated, high-dimensional, sequential decision-
making problems. By combining the representational power of deep learning for 
extracting high-level features with the adaptive decision-making capability of re-
inforcement learning, DRL enables agents to learn optimal policies directly from 
raw observations [16] [25]. This makes it particularly suitable for modeling dy-
namic environments in which both perception and strategy are critical, such as 
confrontation games, control tasks, and strategic planning scenarios. A key mile-
stone in DRL is the deep Q-network (DQN) introduced by Mnih et al. in [26], 
which exploits deep neural networks to approximate value functions from raw 
data, thereby enabling agents to attain near-human performance in Atari games. 
Followed by DQN, the deep double Q-Network (DDQN) [27] is developed to mit-
igate the overestimation bias of Q-values in standard DQN. For problems involv-
ing continuous action spaces, deterministic policy learning becomes essential. To 
this end, the deep deterministic policy gradient method [28] leverages an actor-
critic architecture with neural function approximations to learn deterministic pol-
icies for handling high-dimensional and continuous decision-making problems. 

Despite significant progress, most existing DRL applications are formulated for 
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single-agent systems or cooperative multi-agent settings, where agents either pur-
sue shared objectives or operate under simultaneous action assumptions. How-
ever, these formulations are not well-suited for adversarial environments—partic-
ularly for those characterized by alternating or turn-based decision-making, as 
commonly observed in strategic confrontation game between nation-states or ri-
val agents. As a result, standard DRL frameworks often fall short in capturing the 
sequential dependencies, inter-agent strategy interplay, and explicit competitive 
dynamics inherent in such confrontational settings. The limitations of existing 
DRL methods call for specialized DRL frameworks that can effectively handle al-
ternating and adversarial scenarios. 

To enable rigorous quantitative modeling of strategic confrontation game, this 
paper develops an alternating Markov decision process (AMDP) based approach 
that is explicitly designed to model sequential and adversarial interactions among 
competitive agents. Unlike traditional MDP [13] and POMDP [14], the proposed 
AMDP framework inherently accounts for the turn-based decision structure in 
multi-agent strategic confrontation game. Furthermore, to address the high-di-
mensional uncertainty resulting from the continuous action spaces, we integrate 
the DDQN learning [27] into the AMDP framework (named as the AMDP-
DDQN) to effectively learn their respective optimal strategies and enhance deci-
sion-making quality in strategic confrontation game. Although DDQN has been 
widely applied across various disciplines (see, e.g., [29]-[33]), previous works sel-
dom concern its use within the multi-agent strategic confrontation game under 
the AMDP paradigm. Overall, the main contributions of this paper are summa-
rized as follows:  

1) We propose an AMDP based framework for modeling sequential strategic 
interactions among completive agents, which can effectively capture the sequen-
tial nature and interactive characteristics of multi-agent strategic confrontation 
game to enable adaptive and interdependent decision-making.  

2) We integrate the DDQN based deep reinforcement learning within the 
AMDP framework to approximately maximize the intractable action value objec-
tive function and efficiently enable agents to learn optimal adversarial strategies 
for decision-making in strategic confrontation scenarios.  

3) We conduct various numerical experiments to demonstrate the effectiveness 
(including crisis prediction and strategy evaluation) of the proposed approach in 
a confrontation game scenario between two nations with different situations of 
security, economy, technology, and administration.  

2. AMDP Based Problem Modeling of Multi-Agent Strategic  
Confrontation Game 

Basically, a multi-agent strategic confrontation game system is a dynamic or se-
quential interaction process where multiple players take turns acting under some 
specific conditions. In this system, all players can observe actions of previous play-
ers before choosing their own strategies, enabling adaptive and interdependent 
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decision-making. To mathematically model these interaction dynamics, we pro-
pose an alternating Markov decision process (AMDP) based approach, an exten-
sion of the conventional Markov decision process (MDP), which can effectively 
capture the sequential nature and interactive characteristics inherent to the multi-
agent strategic confrontation game. The technical details of the AMDP formula-
tion are elaborated as follows. 

The proposed AMDP comprises N  ordered players, namely Player 1, Player 
2, …, Player N , where each player represents an agent with autonomous deci-
sion-making capability. That is to say, it operates through sequential and turn-
based interactions: Starting from Player 1, only one player is allowed to act ac-
cording to some designed regulations at each time step, and all players act alter-
nately in order until the end of the game. Specifically, the AMDP is defined as a 
five-tuple , , , ,N     , where   and   represent the spaces of all possi-
ble states and actions of all N  players, respectively. Meanwhile, we use t ∈s   
and i

t ∈a   to stand for the state and the action adopted by Player i  at time t , 
respectively. In addition,   and   denote the state transition function set 
and the reward function set, respectively. Furthermore, we use ( )| ,p ∈′s s a   
to denote the conditional (state transition) probability to the state ′s  when 
adopting action a  in state s  and ( ), ,r ′ ∈s a s   to represent the reward ob-
tained by taking action a  in the state s  and the transition state ′s . Such a 
mathematical formulation provides a well-defined and structured foundation for 
facilitating subsequent learning and strategic decision-making in sequential and 
competitive multi-agent environments. 

 

 

Figure 1. The proposed AMDP workflow. 
 

The detailed AMDP workflow is illustrated in Figure 1. At time t , Player 1 
observes the current state ts  and executes action 1

ta , and then receives the cor-
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responding reward ( )1
1, ,t t tr +s a s , where the transferred state 1t+s  is obtained 

according to the state transfer function ( )1
1 | ,t t tp +s s a . Next, the turn order pro-

ceeds to Player 2. Following the same procedure as that of Player 1, Player 2 ob-
serves the state 1t+s , takes action 2

1t+a , and receives the reward ( )2
1 1 2, ,t t tr + + +s a s . 

Such a turn order proceeds sequentially through all players until Player N  acts 
and take actions. Following the turn of Player N , the cycle restarts with Player 1 
and repeats the same procedure iteratively until the game terminates or the ter-
mination condition is reached. 

For Player n , we define its policy ( )nπ =s a  as a function mapping from a 
state ∈s   to an action ∈a  . The objective of Player n  in AMDP based 
game is to obtain its optimal policy by maximizing the expectation (action-value 
function) of the following cumulative reward  

 ( )1
0, ,2 ,

, , ,
k

n nN
t t k t k t k

k N N
G rγ + + + +

=

= ∑ s a s


 (1) 

where ( ]0,1γ ∈  denotes the discount factor to regularize the trade-off between 
the immediate and future rewards. Thus, the action-value function can be calcu-
lated as  

 

( ) [ ]
( )

( ) ( )( )
1

1
1 mod

1 1
,2 , 0

, | , ,
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, , | , ,

n
t t t n
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j NnN
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k N N j

Q G

r

r p

π π

γ

+

+ −
−

+ + + + + + + +
= =

= = =

=

+ ∑ ∏

s a s s a a

s a s

s a s s s a




 (2) 

where mod denotes the modulo operator that returns the remainder after dividing 
one number by another. Essentially, the action-value function ( ),nQπ s a  in 
Equation (2) represents the expected return when the n -th agent (player) takes 
action a  at the state s  and exploits the policy nπ . 

Now, the optimal policy problem for Player n  is to find an optimal action by 
maximizing ( ),nQπ s a  in Equation (2) with respect to nπ , i.e.,  

 ( )* arg max , .i

n
n Qπ

π
π = s a  (3) 

We notice that directly solving the optimal policy problem (3) is computation-
ally intractable because the calculation of the objective function ( ),nQπ s a  in-
herently involves combinatorial search process, where the number of possible 
state-action configurations grows exponentially with the dimension of the state or 
action space. To deal with this, we resort to a deep reinforcement learning-based 
method to find a tractable approximation or an estimate of ( ),nQπ s a . The dis-
cussion of how to approximate the action-value function ( ),nQπ s a  will be elab-
orated in the next Section. To facilitate the optimal strategy training, in the fol-
lowing subsections we first discuss the designs of the state space, action space, 
state transfer function, and the reward function. 

2.1. State Space Design 

Note that each player in AMDP takes its own actions based on the actions of other 
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players. To capture these interdependence of actions of all players, we define the 
state vector at time t  as  

 { } { },

1, , ; 1, ,
,n m n

t t tn N m M
s −

= =
=s a

 


  (4) 

where ,n m
ts  is the m -th state of the n -th player at time t , N  is the number 

of players, and each player has M  states. Meanwhile, n
t
−a  denotes the most re-

cent action taken by other players and is defined as  

 { }1 1 1
1 1 1

1 actions

, , , , , ,n n N n
t t N t n t n t

N

− + −
− + − − + −

−

=a a a a a 



  (5) 

where the superscript n−  means all players except Player n  and n
t
−a  has a to-

tal of 1N −  actions. The specific composition of the state vector ts  in Equation 
(4) is illustrated in Figure 2 for intuitive representation. 

 

 

Figure 2. Composition of the state vector ts . 
 

In addition, at the end of the strategic confrontation game we define the set of 
the game outcome as { }1 2, , , Wc c c=c  , where W  is the numbers of the possi-
ble outcome. Each outcome { }( )  1, ,wc w W∈   of c  is uniquely associated with 
a distinct set of terminal states w ⊂Z  , such that 

1 2w w∩ =∅Z Z  for any 

1 2w w≠  where 1w , { }2 1, 2, ,w W∈  . In other words, the game concludes with 
outcome wc  if and only if the current state s  satisfies w∈s Z , ensuring mu-
tual exclusivity between outcomes. 

2.2. Action Space Design 

Directly modeling high-dimensional continuous action spaces for multi-agent de-
cision-making often incurs prohibitive computational costs and challenges in 
model convergence. To address this, we adopt a composite two-dimensional ac-
tion space, which decomposes complicated actions into hierarchical decisions. 
Specifically, the action space is designed as a composite two-dimensional space  

 ( ), ,n n n
t t tx y=a  (6) 

where { }1, ,n
tx U∈   and { }1, ,n

ty L∈   represent the action type and action 
degree selected by Player i  at time t , K  and L  are the number of action 
types and action degrees, respectively. We notice that the action-space design in 
Equation (6) not only captures a diverse range of action types, but also quantifies 
their intensity, enabling the AMDP model to flexibly adapt to different levels of 
decision-making. 
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2.3. State Transfer Function Design 

The state transfer function ( )| ,p ′s s a  is essentially a conditional probability of 
the state ′s  given s  and a , and is designed as the following normal distribu-
tion  

 ( ) ( )( )2| , , , ,p σ=′s s a s a   (7) 

where ( ),s a  and 2σ  denote its mean and variance, respectively. To charac-
terize the interdependencies between actions, the mean ( ),s a  in Equation (7) 
is designed as  

 ( ) ( ) ( ) ( ), ,
,

, , , ,n
t

n m n n m
t t ts f s−

−= =
a a

s a a a   (8) 

where ( ),n
t

f −a a
 represents the state transition function determined by the 

( ),n
t
−a a  tuple and can be set according to the actual physical meaning of the ac-

tion in a specific scenario of strategic confrontation game. 

2.4. Reward Function Design 

In reinforcement learning, the reward function has an important role in guiding 
the sequential behavior of the agent, as it is usually regarded as the optimization 
criterion and ultimately shapes the learned policy for design-making. In this pa-
per, the reward function for Player n , denoted as ( )1, ,n n

t t tr +s a s , consists of the 
following two components:  

 ( ) ( ) ( )1 1 1 2 1, , , .n n n n
t t t t t tr r r+ + += +s a s s s s  (9) 

Here, the first term ( )1 1
n

tr +s  is a terminal reward and defined as  

 ( )1 1 1, if ,n n
t w t wr R+ += ∈s s Z  (10) 

where n
wR  stands for the obtained reward value of Player n  when the state 1t+s  

at time 1t +  belongs to the w -th terminate state set wZ . The second term 
( )2 1,n

t tr +s s  in Equation (9) reflects the state change-based reward, which encour-
ages the progress of Player n  while penalizing the progress of other players and 
is defined as  

 ( ) ( ) ( ), , , ,
2 1 1 1 2 1

1 1 1
, ,n n m n m j m j m

t t t t t t
m

M N M

j m
j n

r η η+ + +
= = =

≠

= − − −∑ ∑∑s s s s s s  (11) 

where N  is the number of players, and M  is the number of state dimensions 
for each player, and 1η  and 2η  are the weighting factors of own-state gain and 
opponent-state loss. The reward design in Equation (9) encourages each player to 
maximize its own reward while suppressing the advancement of its opponents, 
thereby promoting competitive strategic behavior. 

It is worth noting that the terminal reward 1r  in Equation (10) is usually as-
signed with a positive value to indicate a favorable outcome and a negative value 
to indicate an unfavorable one for the associated agent. This aligns with the long-
term confrontation strategy of the associated agent with a hope of game success. 
The stepwise reward 2r  in Equation (11) provides additional guidance during 
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the learning process by evaluating the quality of each state transition. In general, 
a positive reward is given if the post-transition state ′s  improves upon the pre-
vious transition state s . Such a reward design indeed encourages steady progress 
toward advantageous states while preserving the alignment with overarching stra-
tegic goals. 

3. Agent Training via Double Deep Q-Learning 

Reinforcement learning seeks the optimal strategy *π 1 by interacting with the 
environment under the AMDP framework, aiming to approximately maximize 
the action value function ( ),nQπ s a  defined in Equation (2) to guide the agent 
to make optimal decisions. The deep double Q-value network (DDQN) [27] is an 
improved reinforcement learning algorithm to suppress the overestimation prob-
lem in the original deep Q-Network. Overall, DDQN exploits two separated neu-
ral networks to effectively estimate Q-values independently. 

In the proposed AMDP framework for multi-agent strategic confrontation 
game, each player is treated as an agent to learn an approximated ( ),nQπ s a  with 
the input state s . Armed with the AMDP modeling introduced in the previous 
section, the proposed architecture of DDQN is illustrated in Figure 3, where each 
player contains two neural networks with a similar structure, namely the online 
network 1Q  and the target network 2Q , along with an experience replay pool 
D  where we use D  to denote the number of samples in D . The agent alter-
natively interacts with the environment—which may include other agents using 
random strategy—to learn an approximated action value function of ( ),nQπ s a  
in Equation (2) and then find the optimal policy via solving problem (3). The de-
tailed implementation of DDQN will be discussed in the subsequent subsections. 

 

 

Figure 3. Architecture of DDQN. 

3.1. Structure of Double Q-Value Neural Network 

Based on the AMDP model introduced in Section 2, we implement a feed-forward 
 

1For convenience, the subscript n is omitted here to indicate that the notation is applicable to any agent. 

https://doi.org/10.4236/jcc.2025.137004


S. Feng, C. Wei 
 

 

DOI: 10.4236/jcc.2025.137004 76 Journal of Computer and Communications 
 

neural network architecture parameterized by an appropriate set of parameters 
θ , which adopts the state vector ts  at time t  as input and obtains multiple es-
timated action-values ( ){ }, ;tQ′ s a θ . It should be noted that when learning a neu-
ral network, the dimensions of input and output must satisfy the dimensions of 
the state vector and the number of actions, respectively. The relationship between 
the input ts  and the output ( ), ;tQ′ s a θ  within deep neural network of the 
double Q network is detailed in Figure 4. The parameter sets of 1Q  and 2Q  to 
be learned in the training phase are denoted by 1θ  and 2θ , respectively. Notice 
that the online network 1Q  and the target network 2Q  share the same neural 
network structure. 
 

 

Figure 4. Input-output relationship of the double Q network. 

3.2. Online Target Network Update 

In reinforcement learning, unlike supervised learning, training data is not pre-
collected but rather generated by agent through interactions with the environment 
and simultaneously is used to improve the agent’s policy through continuous 
learning. Specifically, at the beginning of training, the corresponding agent ob-
serves the current state s  and selects an action a  that maximizes the Q-value 
estimated by the online network 1Q  to interact with the environment though the 
state transfer function ( )| ,p ′s s a  and the reward function ( ), ,r s a s . This in-
teraction yields the next state ′s  and a corresponding reward value r . Each in-
teraction result is preserved in the experience replay buffer D  as a four-tuple 
sample ( ), , ,r ′s a s . Then, we take bN  (batch size) samples used for training 
when the number of samples in the replay buffer reaches the maximum sample 
capacity rN . 

In interactions between the agent and the environment, we adopt an epsilon-
greedy strategy to ensure that the agent can explore the action space sufficiently 
to avoid suboptimal solutions caused by premature convergence. Specifically, the 
epsilon-greedy strategy based action selection is given by  
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 ( )1

an action randomly selected from , with probability ,
arg max , ; , with probability 1 ,Q


=  − ′a
a

s a
 

θ
 (12) 

where   represents the action space, s  is the current state, and ( )1, ;Q′ s a θ  
is the estimated action-value function that is used to predict the expected cumu-
lative reward when taking action a  at state s . The value of   is decayed over 
time to allow for more exploration during the initial stages of training and grad-
ually shift toward exploitation during the stable stage as the agent gains more con-
fidence in its learned policy. Such a decay scheme in the λ -th episode is imple-
mented as  

 ( ) ( )e decay
final start final

λ

λ
−

= + −      (13) 

where start  and final  represent the value of ( )λ  at the initial and the stable 
stage of training, respectively, and decay  is used to control the decay rate of 
( )λ . 
Based on the epsilon-greedy strategy in Equation (12), the corresponding agent 

performs actions in response to environmental states, thereby generating a se-
quence of four-tuple samples that serve as the training data. For each four-tuple 
sample, the online network 1Q  is employed to estimate the Q-values ( )1, ;Q′ ′s a θ  
for all possible actions with the next state ′s  and select an action that maximizes 

( )1, ;Q′ ′s a θ  with respect to a . The selected action in the online network 1Q  is 
then used in the target network 2Q  to compute the following the target Q-value  

 ( )1 2, arg max , ; ; .Q Q 
 ′ 

′


′ ′

a
s s a θ θ  (14) 

Accordingly, we obtain the indirect estimate of the Q-value of the current state, 
which is given by the summation of the immediate reward r  and the discounted 
target Q-value of the next state, that is,  

 ( )1 2, arg max , ; ; ,y r Q Qγ ′ ′ ′ = +  


′
a

s s a θ θ  (15) 

where ( ]0,1γ ∈  denotes the discount factor. 
So far, we have obtained the direct estimate of Q-value ( )1, ;Q a′ s θ  and a more 

accurate indirect estimate y  of Q-value derived from the known reward r  and 
the direct estimate of the next step. Assume that a batch of bN  samples are ran-
domly drawn from the experience replay buffer D . Then, the loss function   
of the neural network can be defined as the mean squared error between the two 
estimated Q values, that is,  

 ( ) ( )( )2
1 1, ; .y Q = −  

′ s a θ θ  (16) 

The training (online network update) of the neural network parameter aims to 
find the optimal parameter *

1θ  by minimizing  

 ( )
1

*
1 1arg min .= 

θ
θ θ  (17) 
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It is worth noting that directly solving Problem (17) is generally intractable as 
the objective function ( )1 θ  exhibits strong nonlinearity with respect to 1θ . 
Therefore, we adopt a random gradient-based scheme to iteratively approximate 
the solution. Specifically, we propose to employ the Adam optimizer [34], which 
has demonstrated strong performance for solving complicated nonlinear optimi-
zation inherent to deep reinforcement learning. To stabilize learning and suppress 
rapid fluctuations in the learning target, the parameter set 1θ  of the online Q-
network, 1Q , is periodically synchronized with that of the target Q-network, 2Q , 
i.e., * *

2 1=θ θ , within each N −  episodes. 

3.3. The Overall Algorithm 

Through sequentially interaction with the environment, the corresponding agent 
updates its policy to maximize the expected cumulative return. By decoupling the 
action selection from the target-value computation, the DDQN can effectively 
mitigate the Q-value overestimation bias, thereby enhancing training stability and 
boosting the ultimate policy decision-making performance. In conjunction with 
the AMDP formulation in Section 2, the entire DDQN based training procedure 
is outlined in Algorithm 1, which is hereafter referred to as the AMDP-DDQN. 
The computational complexity of AMDP-DDQN in Algorithm 1 is dominated by 

( )( )1
11

HN
episode avg b state i i actioniN N N N H H N−

+=∑ , where avgN  denotes the number 
of averaging steps per episode, stateN  represents the state-space dimensionality, 

actionN  is the action-space cardinality, and iH  corresponds to the i -th hidden 
layer dimensions in DDQN, HN  indicates the number of hidden layers. 

 
Algorithm 1. AMDP-DDQN. 
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4. Experiments and Analysis 

This section provides various experiments to evaluate the performance of the pro-
posed AMDP-DDQN algorithm in a strategic confrontation game scenario between 
two different nations (also agents). Specifically, the two agents in the considered 
scenario are denoted as Country A and Country B, respectively, where each country 
strategically leverages their strengths to gain advantages and ultimately prevail in 
the conflict via AMDP strategic confrontation game. For each agent, there are 

4M =  states consisting of security, economy, technology, and administration. 
Furthermore, each agent in the confrontation game can choose one of 3K =  

types of actions, i.e., attack, defense, and sanction. Each of these actions is subdi-
vided into 10 discrete levels, indexed from 0 to 9. The detailed description of state 
names, symbols, and their corresponding value ranges are presented in Table 1, 
where the state values 0, 1, and 2 of the last action type TLA  indicate that the last 
action type of its opponent is under attack, defense, and sanction, respectively. In 
addition, we use wc  to denote w -th the game result corresponding to the ter-
minal state wZ , as well as the reward functions for Country A, denoted by 

( )A
wr Z , and for Country B, denoted by ( )B

wr Z . The game result, reward setup, 
and termination state under different game results are listed in Table 2 where 
there are a total of 6 game outcomes on the failures of different countries. 

The neural network structure used in training and testing is given in Table 3. 
Specifically, the whole neural network consists of five fully connected layers with 
ReLU activations after each hidden layer and a linear activation on the output layer. 
The inputs of the neural network are the state variables listed in Table 1, encom-
passing the economic, technological, security, and administrative dimensions for 
both agents at every decision step. The outputs of the neural network are the pre-
dicted Q value corresponding to each action, which consists of 30 different action 
types and action degrees. The hyperparameters of DDQN (including the parame-
ters in epsilon-greedy strategy introduced in Section 4) are given in Table 4. 

 
Table 1. State setting of Agents A and B with confrontation. 

State name State symbol Value range 

Security state of A AM  [ ]0,100  

Economic state of A AE  [ ]0,100  

Technological state of A AT  [ ]0,100  

Administrative state of A AP  [ ]0,100  

Security state of B BM  [ ]0,100  

Economic state of B BE  [ ]0,100  

Technological state of B BT  [ ]0,100  

Administrative state of B BP  [ ]0,100  

Last action type TLA  {0, 1, 2} 

Last action degree DLA  {0, 1, 2, 3, 4, 5, 6, 7, 8, 9} 
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Table 2. Reward setup and termination state under different game results. 

Game result wc  Termination state set wZ  Reward ( )A
wr Z  Reward ( )B

wr Z  

Security failure of A { }| 0AM <s  −20 20 

Economic failure of A { }| 0AE <s  −30 30 

Administration  
failure of A 

{ }| 0AP <s  −50 50 

Security failure of B { }| 0BM <s  20 −20 

Economic failure of B { }| 0BE <s  30 −30 

Administration  
failure of B 

{ }| 0BP <s  50 −50 

 
Table 3. Structure of the deep neural network in DDQN. 

Input: State dimensionality (1 × 10) 

Dense1 + ReLu 10 × 64 

Dense2 + ReLu 64 × 256 

Dense3 + ReLu 256 × 256 

Dense4 + ReLu 256 × 64 

Dense5 64 × 30 

Output: The predicted Q value for each action (30 × 1) 

 
Table 4. Training hyperparameter setting of DDQN. 

Hyperparameter name value 

Number of episodes 30,000 

batch size 64 

start  1 

final
 0.001 

decay
 2000 

N −
 50 

bN  1000 

 
Our experiments, detailed in the subsequent subsections, are conducted on a 

personal computer equipped with an NVIDIA GeForce RTX 3090 GPU, operating 
under Ubuntu 22.04. The specific implementation is carried out using Python 3.8, 
along with the PyTorch 1.12 deep learning framework and the Gym 2.6.0 rein-
forcement learning library. 

4.1. Equal Symmetry Experiment 

The equal symmetry experiments are used to simulate a strategic confrontation 
game between two countries with equal strengths. As a result, the initial state set-
tings of Country A and Country B are kept the same, as shown in Table 5. 
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Table 5. Equal experiment initial state settings. 

State symbol AM  AE  AT  AP  BM  BE  BT  BP  TLA  DLA  

Initial state value 50 50 50 50 50 50 50 50 0 0 

 
The reward evolution curves for Country A and Country B throughout the 

training process are presented in Figure 5, where “Window size of 10 episodes” 
denotes the associated curve is obtained by a moving average with a window size 
of each 10 episodes. As illustrated, both agents (Countries) demonstrate a broadly 
similar trend: their rewards increase steadily from an initial value close to zero 
and gradually rise to approximately 25, after which both rewards plateau, indicat-
ing a convergence to a stable performance level. This consistent upward trajectory 
reflects the progressive improvement of agents in policy quality over time, sug-
gesting that both have successfully acquired effective strategies through interac-
tion with the environment. Notably, since the two countries share identical initial 
state configurations, it is reasonable to expect them to learn comparable optimal 
policies with a similar game result. In fact, we observe that the convergence of 
their reward curves further supports the theoretical expectation. 

 

 

Figure 5. Reward evolution versus the number of episodes during equal symmetry experi-
mental training. 

 
After completing the training phase, we carry out a series of experiments using 

the trained models of both agents to evaluate the game results of equal symmetry 
experiment. To evaluate the effectiveness of the learned strategies, four experi-
mental scenarios are designed: 1) both countries adopt random strategies; 2) 
Country A adopts the model-based strategy while Country B uses a random strat-
egy; 3) Country B adopts the model-based strategy while Country A uses a random 
strategy; and 4) both countries employ model-based strategies. The associated 
analysis of the game results is elaborated as follows. 

Figure 6 illustrates the state evolution for Country A and Country B over mul-
tiple game rounds under different strategy combinations in a symmetric peer-to-
peer experimental setting. The dark dashed lines represent the averaged value of 
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each state across 1000 independent game simulations, while the shaded areas in-
dicate the fluctuation ranges. A state value falling below zero indicates the termi-
nation of the game. As shown in Figure 6(a), when both countries adopt random 
strategies, the evolution of their state values is nearly identical due to the fully 
symmetric initial conditions, demonstrating the fairness and symmetry of the ex-
perimental environment. In contrast, Figure 6(b) shows that when Country A 
adopts a model-based strategy while Country B keeps using a random strategy, 
the state values increase significantly, validating the effectiveness of the model-
based strategy. A similar outcome is observed in Figure 6(c), where Country B 
implements the model-based strategy and also experiences a notable improve-
ment in its state values, further highlights the effectiveness and generalizability of 
the model-based approach. Finally, Figure 6(d) shows that when both countries 
adopt model-based strategies, a new equilibrium pattern emerges. This indicates 
that in intelligent strategic games, the mutual adoption of advanced strategies 
leads to a reestablishment of equilibrium, thereby reaffirming the inherently 
counterbalancing and adaptive nature of such interactions. 

 

 

Figure 6. State value evolution over time steps during equal symmetry experiment between Country A and Country B. (a) Both use 
random strategies; (b) Country A uses a model-based strategy, whereas Country B uses a random strategy; (c) Country B uses a 
model-based strategy, whereas Country A uses a random strategy; (d) Both use model-based strategies. 
 

The game outcomes of equal symmetry experiment are depicted in Figure 7. 
The blue bars represent the results when both countries employ random strate-
gies. It is observed that wins and losses are distributed approximately evenly be-
tween the two countries, as expected under stochastic behavior. The orange bars 
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correspond to the scenario where Country A utilizes a model-based strategy while 
Country B retains a random strategy. Compared to the fully random case, Country 
A experiences a marked reduction in failure rate, while Country B’s failures in-
crease accordingly, indicating the strategic advantage gained from Country A. In 
contrast, the green bars illustrate the outcomes when Country B adopts a model-
based strategy and Country A uses a random one. Here, Country B significantly 
reduces its failures, while Country A suffers more losses, reflecting the same pat-
tern of strategy advantage. Finally, the red bars depict the case where both coun-
tries employ model-based strategies. Given their symmetric initial conditions, the 
game outcomes converge toward equilibrium, with each country failing approxi-
mately half of the time, further validating the competitive balance and mutual ad-
aptation achieved through strategic learning. 

 

 

Figure 7. Game results under equal symmetric strategy conditions. 

4.2. Non-Equal Experiment 

The non-equal experiments are designed to simulate a strategic confrontation be-
tween two countries of unequal strengths. In this setting, Country A is assumed 
to possess a comprehensive advantage against Country B across all aspects in se-
curity, economy, technology, and administration. The corresponding initial state 
configurations for both countries are summarized in Table 6. The reward evolu-
tion of each country during training, against the number of episodes, is illustrated 
in Figure 8. Due to its dominant initial state, the reward curve of Country A 
quickly rises to approximately 30 and then stabilizes, reflecting rapid convergence 
to an effective strategy. In contrast, Country B, with disadvantages from its initial 
conditions, is only able to improve its performance gradually, with the reward 
curve rising from a negative value to approaching zero over time. 

 
Table 6. Non-equal experiment initial state settings. 

State symbol AM  AE  AT  AP  BM  BE  BT  BP  TLA  DLA  

Initial state value 60 60 60 60 40 40 40 40 0 0 

https://doi.org/10.4236/jcc.2025.137004


S. Feng, C. Wei 
 

 

DOI: 10.4236/jcc.2025.137004 84 Journal of Computer and Communications 
 

 

Figure 8. Reward evolution versus the number of episodes during non-equal experimental 
training. 

 
Figure 9 illustrates the evolution of state values for Country A and Country B 

under various strategy combinations, beginning from an asymmetric initial con-
dition in which Country B starts with significantly lower state values than Country 
A. This experimental setting simulates a strategic confrontation scenario where a 
weaker nation competes against a stronger adversary. In Figure 9(a), both coun-
tries adopt random strategies. Due to the considerable initial disadvantage, the 
state values of Country B fall into the failure region much earlier than that of 
Country A. This highlights that, under disadvantaged conditions, the weaker side 
is highly susceptible to rapid suppression if no effective strategy is employed. Fig-
ure 9(b) presents the case where Country A adopts a model-based strategy while 
Country B continues using a random strategy. Leveraging its initial advantage, the 
model of Country A learns to prioritize conservative and risk-averse actions that 
preserve its dominant state, resulting in consistently high state values and a stable 
trajectory toward success. This behavior reflects the model’s capacity to recognize 
and maintain strategic superiority through controlled decision-making. 

In Figure 9(c), Country B adopts a model-based strategy despite starting from 
a disadvantaged position. Although its initial state remains inferior, the learned 
policy enables B to take proactive steps to improve its condition and postpone 
failure. As a result, the state value of Country B shows significant improvement 
compared to cases of Figure 9(a) and Figure 9(b). This indicates that even from 
a weak starting point, an effective strategy can prolong engagement and create 
potential opportunities. Figure 9(d) examines the scenario where both countries 
deploy model-based strategies. Despite the presence of strategic reasoning on both 
sides, the initial advantages of Country A enable its model to quickly identify and 
exploit this asymmetry by adopting an aggressive optimal policy. Consequently, 
Country B, although supported by a model, fails to attain an effective counter-
strategy and suffers a swift decline in state values. This result illustrates a domi-
nant amplification effect, where model-based strategies not only reinforce but in-
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tensify the impact of favorable initial conditions, allowing the dominant player to 
dictate the pace of the confrontation game and suppress any potential actions of 
the weaker side. 

 

 

Figure 9. State value evolution over time steps during non-equal experiment between Country A and Country B. (a) Both use 
random strategies; (b) Country A uses a model-based strategy, whereas Country B uses a random strategy; (c) Country B uses a 
model-based strategy, whereas Country A uses a random strategy; (d) Both use model-based strategies. 

 
Overall, the results of Figure 9 demonstrate how initial conditions, when cou-

pled with strategic learning, can significantly influence the dynamics of adversar-
ial interactions. This may lead to irreversible trajectories shaped by early asym-
metries. 

The game results shown in Figure 10 reveal clear outcome disparities under 
different strategy combinations. When both countries adopt random strategies, 
Country A wins the majority of the games, owing to its initial advantage. This 
disparity becomes even more pronounced when Country A employs the model-
based strategy, leading to an overwhelming dominance in which it secures nearly 
all victories. In contrast, when Country B adopts the model-based strategy while 
Country A uses a random strategy, the improvement in Country B’s performance 
is marginal. Despite the strategic upgrade, the significant disadvantage in its initial 
state limits the effectiveness of the model, resulting in only slightly better out-
comes compared to using a random strategy. Finally, when both countries utilize 
model-based strategies, Country A still wins all the games, solely due to its strong 
initial advantage. This outcome underscores that, in highly asymmetric settings, 
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strategic sophistication alone may be insufficient to overcome substantial dispar-
ities in starting conditions. 

 

 

Figure 10. Game results under non-equal symmetric strategy conditions. 

4.3. Equal Asymmetry Experiment 

Finally, we validate the performance of the proposed AMDP-DDQN under the 
equal asymmetry condition, i.e., the two countries with roughly the same total 
strength but with different state values. Specifically, Country A is assigned 
stronger security power but a weaker economy, while Country B has the inverse 
situation: a stronger economy and weaker security power. The corresponding in-
itial state configurations are detailed in Table 7. The reward evolution versus the 
number of episodes during equal asymmetry experiment is depicted in Figure 11, 
where the average reward in training of both countries is gradually rising and sta-
ble, in which country A is stable around 25 while country B is stable around 20. It 
is seen that under equal asymmetry conditions, both countries gradually learn ef-
fective strategies, with rewards stabilizing after initial fluctuations. Country A 
consistently achieves higher rewards than those of Country B, suggesting that the 
security advantage has a stronger impact on the outcomes. This indicates that even 
with equal total strength, the equal asymmetry condition significantly influences 
the final decision-making performance. 

Figure 12 illustrates the state evolution of Country A and Country B under four 
strategy combinations in an equal-but-asymmetric setting, where we keep the 
same strategy combinations as in the previous experiments. In this experiment, 
both countries start with the same initial state value, but with different internal 
distributions of respective states: Country A begins with a relatively weaker eco-
nomic state, while Country B is more vulnerable in its security domain. 

 
Table 7. Equal asymmetry experiment initial state settings. 

State symbol AM  AE  AT  AP  BM  BE  BT  BP  TLA  DLA  

Initial state value 80 40 50 50 40 80 50 50 0 0 
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Figure 11. Reward evolution versus the number of episodes during equal asymmetry ex-
perimental training. 

 

 

Figure 12. State value evolution over time steps during equal asymmetry experiment between Country A and Country B. (a) Both 
use random strategies; (b) Country A uses a model-based strategy, whereas Country B uses a random strategy; (c) Country B uses a 
model-based strategy, whereas Country A uses a random strategy; (d) Both use model-based strategies. 
 

In the scenario of Figure 12(a), both countries adopt random strategies. Due to 
Country A’s initial economic weakness, its overall development capability re-
mains limited, leading to a rapid decline in state value and a higher risk of failure. 
This indicates that even with equal total state values, structural weaknesses in 
some crucial initial state can enlarge the risk of defeat. In Figure 12(b), Country 
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A instead adopts a model-based strategy. The well-trained model of Country A 
first focuses on improving its economic state to ensure long-term sustainability, 
while also identifying and exploiting Country B’s security weakness. This dual 
strategy helps Country A delay its decline and obtain a temporary advantage, 
thereby demonstrating the adaptability and strategic precision of the training 
model in scenarios with asymmetric resource distribution. 

In Figure 12(c), Country B employs a model-based strategy. The training 
model of Country B accurately identifies the economic vulnerability of Country 
A, resulting in rapid defeat of Country A. This result shows that the training model 
can clearly recognize the main weakness of its opponent and respond with effec-
tive and targeted strategies. In Figure 12(d), both countries adopt model-based 
strategies. In this experiment, both countries have their own weaknesses, but the 
economic weakness of Country A is more serious than the security weakness of 
Country B. As a result, when both countries use their trained model strategies to 
attack the weaknesses of the other one, Country A is more likely to be defeated 
first because its weakness is more critical. 

In equal asymmetry experiment, both countries start with the same initial state 
value, but with different internal distributions of respective states. That is to say, 
Country A begins with a relatively weaker economic state, while Country B is 
more vulnerable in its security domain. We conclude that the equal-but-asym-
metric setup reflects real-world situations where two agents with confrontation 
game have similar overall strength but differ in their resource distribution, which 
also leads to different strategic outcomes. 

 

 

Figure 13. Game results under equal asymmetry conditions. 
 

We now illustrate the game results of the equal asymmetry experimental games 
in Figure 13. Note that when both agents (countries) adopt random strategies, 
while Country A has more economic failure than that of Country B and Country 
B has more security failure than that of Country A. This aligns with our initial 
state hypothesis that Country A has a weaker economic state and Country B has a 
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weaker security state. In addition, when Country A uses the model strategy and 
Country B uses the random strategy, the game results show that the number of 
economic failure of Country A is greatly reduced while the number of security 
failure of Country B is greatly increased. This implies that Country A makes up 
for its economic weakness through actions while attacking the security weakness 
of Country B. Similarly, when Country B uses model strategy and Country A uses 
random strategy, the number of security failure of Country B decreases while the 
number of economic failures of Country A increases. This indicates that Country 
B also mitigates its own security weakness through effective actions of attacking 
the economic weakness of the other one. Finally, when both agents use the model 
strategy, we see that all of game outcomes exhibit failures due to their own weak-
nesses, and the number of failures of both countries are roughly equivalent. 

To further investigate the model-based strategies which are learned from equal 
asymmetry training, the actions with the highest Q-values under different states 
are visualized using three-dimensional plots, as shown in Figure 14 and Figure 
15, where different colors represent different types of actions, and the color inten-
sity indicates the action degree. In these figures, the x- and y-axes represent the 
current state levels of Country A and Country B, respectively, where each axis 
value denotes a uniform state setting across all four dimensions of the correspond-
ing country. The z-axis indicates the opponent’s action in the previous round. It 
is observed from the two figures that Country A tends to choose defensive (green) 
actions most of the time, resorting to offensive or sanction actions only when the 
opponent is in a weakened state. In contrast, Country B often prefers sanction 
actions, leveraging its stronger economic position to gain an advantage. 

 

 

Figure 14. The maximum Q-value action distribution of Country A with different states. 
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Figure 15. The maximum Q-value action distribution of Country B with different states. 
 

Overall, all above experimental results clearly show that the AMDP-DDQN-
trained models are able to make smart decisions and choose proper actions by 
considering both the current state and the previous action of the corresponding 
opponent. This allows each agent to adjust its strategy and respond effectively in 
different situations. Whatever facing symmetric or asymmetric scenarios, the as-
sociated models consistently choose actions that improve the chances of winning. 
Compared with random strategies, the model-based strategies usually lead to sig-
nificantly superior outcomes, including higher rewards and longer survival times. 
This validates that the proposed AMDP-DDQN approach can successfully learn 
useful and adaptive policies, and that these well-learned strategies are effective 
across a variety of game settings. 

5. Conclusion 

In this paper, we have introduced an alternating Markov decision process 
(AMDP) to model the sequential and strategic interactions between multi-agents 
with confrontation game. The proposed AMDP approach captures the sequential 
and interdependent decision-making dynamic characteristic of complex strategic 
environments. Meanwhile, we have proposed the AMDP-DDQN training algo-
rithm for the multi-agent strategic confrontation game based on the double deep 
Q-learning. Meanwhile, we also exhibited extensive experiment results in a stra-
tegic confrontation game scenario between two countries with strategic confron-
tation to demonstrate the effectiveness and generalizability of the proposed 
AMDP-DDQN approach. 
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