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Abstract. This paper proposes an improved generative adversarial imitation learning (GAIL)
method for multi-functional radar (MFR) jamming decision-making, addressing the poor initial
jamming effect of traditional deep reinforcement learning (DRL) and the high database quality
requirement of basic GAIL. By introducing the behavior model (BM) and negative database (ND),
the proposed method can improve the agent's imitation accuracy of the expert policy in low-quality
data environments, avoiding learning ineffective jamming strategies. The agent strives to mimic the
expert strategy during offline training through continuous updates. In online application, the trained
Actor network directly informs jamming pattern decisions. The proposed method is validated
through comparison with four other algorithms, including random strategy and basic GAIL. It
effectively reduces MFR entry into high-threat states and improves aircraft survivability, offering a
robust solution for enhancing aircraft survivability in complex electromagnetic environments.

Keywords: Jamming decision-making; Generative adversarial imitation learning; Behavioral
imitation; Negative database.

1. Introduction
Multifunction Radar (MFR) is an advanced radar system capable of performing multiple tasks

simultaneously, such as target detection, tracking, and identification[1], [2], [3], [4]. It is widely
used in military and aviation fields. In the aircraft penetration scene, when the MFR is in a high -
threat - level working state, the aircraft's survivability faces a severe challenge. To address this
challenge, aircraft usually transmit jamming signals with different jamming styles to MFR.
However, the effectiveness of different jamming styles varies significantly depending on the
working state of the MFR. Therefore, reasonable jamming decision-making is of critical importance
for enhancing the survivability of aircraft.

In the field of jamming decision-making, traditional heuristic algorithms have been widely
applied, such as genetic algorithms [5], cuckoo search algorithms [6], artificial bee colony
algorithms [7], and sparrow search algorithms [8]. With the advancement of computer technology,
data-driven methods represented by deep reinforcement learning (DRL) have gained increasing
attention due to their "model-free" advantages, offering new approaches to solving jamming
decision-making problems. Considering scenarios where MFR working modes dynamically change
based on mission requirements, Zhang et al. [9] proposed an Exploratory Deep Deterministic Policy
Gradient algorithm to achieve dynamic adjustment of multi-step jamming power. Pan et al. [10]
utilized the HPPO algorithm to intelligently select the jamming style and power of the jammer,
achieving superior jamming effectiveness. Wang et al. [11] achieved joint optimization of hybrid
discrete (jamming tasks) and continuous (jamming power) control variables and extended its
application to networked radar systems.

However, as the electromagnetic environment becomes increasingly complex, the competition
between radar and electronic countermeasures grows more intense [12]. Conventional DRL suffers
from limitations, including dependence on manually defined reward functions, high subjectivity,
and slow exploration processes caused by expansive action spaces [13]. Traditional DRL relies on
continuous interaction with the environment to train agents. However, this process does not
guarantee the learning of effective strategies. Even if good strategies are eventually learned, the
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time-consuming nature of this approach means that the aircraft's initial jamming strategy will likely
be suboptimal, posing a significant risk to its survival. In 2016, Jonathan et al. introduced
Generative Adversarial Imitation Learning (GAIL) [14], circumventing the challenges associated
with reward function design. Yang et al. [15] applied GAIL to jamming strategy learning, allowing
aircraft to adopt effective strategies early in the jamming phase by combining offline learning and
online implementation. Nevertheless, the learning database is too idealistic, and the databases
available in practical scenarios are typically of poor quality, greatly hindering the agent's learning
effectiveness.

In summary, this paper proposes a jamming strategy learning method based on improved GAIL
under low-quality database conditions. By combining Generative Adversarial Networks (GAN) [16]
with DRL, the agent can imitate expert databases without relying on reward functions. On this basis,
a behavior model (BM) is introduced to extract useful information even from low-quality databases.
Additionally, a negative database (ND) is constructed to prevent the agent's strategy from learning
the low-quality portions of the expert database. The effectiveness of the proposed algorithm is
validated through simulation experiments.

2. Radar Countermeasure Scenario
When the MFR radar does not detect a target, it continuously emits radar signals into the air to

perform search tasks. These signals propagate through space, and once an aircraft enters the radar's
detection range, the radar receiver will capture the reflected echoes with sufficient energy. Under
no-jamming conditions, if the signal-to-noise ratio of the echo exceeds the preset threshold, the
MFR will transition from the initial search state to the confirmation state [17].

In the confirmation state, the radar performs further detection and analysis on the target to obtain
more precise information, such as position and velocity. Once the target is successfully confirmed,
the MFR will automatically switch to the tracking state to enable continuous monitoring and
identification of the target. In the tracking state, the radar prioritizes stable tracking and
identification of the target to ensure continuous monitoring.

Nevertheless, to improve their survival capabilities, aircraft implement appropriate jamming
strategies tailored to the radar's varying working states. By emitting different types of jamming
signals, aircraft can effectively prevent the escalation of the radar's threat level, thereby reducing the
risk of being locked onto and attacked by the radar. The radar countermeasure scenario is illustrated
in Figure 1.

Fig. 1 Radar countermeasure scenario

3. Problem Formulation

3.1 Problem Formulation.
In the adversarial game considered in this paper, the MFR and the aircraft are treated as the

environment and the agent, respectively. During the jamming decision-making process, the aircraft
selects actions based on the current state, and state transitions depend solely on the current state and
action, aligning with the characteristics of a Markov Decision Process (MDP). Therefore, modeling
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the jamming decision-making process using MDP enables more effective strategy optimization [18].
Based on the principles of MFR working states, the MFR state transition model is illustrated in
Figure 2 [15].

Fig. 2 Radar state transition model
MDP provides a crucial foundation for the development of reinforcement learning. The essential

components of the MDP model are the state space S , action space A , reward function R , and
state transition probability P [11]. Here, 1( | , )tt tP s s a represents the probability of the aircraft's
state transitioning from ts to 1ts  when the jamming action ta is taken, with its value ranging
between [0, 1]. 1( , , )t t tR s a s  represents the reward obtained by the aircraft after completing the
corresponding state transition.  denotes the discount factor.

During the jamming style selection task, the aircraft chooses suitable jamming styles according
to the radar's working state, aiming to either lower the radar's threat level or maintain it at a low
threat level. To scientifically and quantitatively evaluate the effectiveness of the aircraft's jamming
style selection, a reward function is specifically designed, which uses the cumulative reward value
obtained by the aircraft within a single episode as the evaluation metric, as detailed below:

STEP

t
t

E r  (1)

Where, T represents the total time steps in the episode, and tr denotes the immediate reward
value at time step t .

3.2 Action Space.
In the jamming task scenario studied in this paper, the aircraft needs to select an appropriate

jamming style. Given this, when constructing a DRL model to optimize the aircraft's jamming
action, the decision variable in the action space is set as the jamming style selected by the aircraft,
as specifically expressed below:

t ta J (2)
Where, tJ represents the jamming style selected at time step t. Since the aircraft can only support a
limited number of jamming styles, the range of action choices is explicitly constrained:

0 ta Q  (3)
Where, Q denotes the maximum number of jamming styles the aircraft is capable of emitting.
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3.3 State Space.

When constructing the aircraft jamming style selection model under the DRL framework, the
selection of state variables is crucial for accurately characterizing the environmental state of the
aircraft. The aircraft's rewards are closely tied to changes in the radar's working state, which are
significantly influenced by the different jamming styles used by the aircraft. Therefore, this paper

selects the following variables as the aircraft's state: the current working state of the MFR tW , the

previous working state 1tW , and the action executed by the aircraft at the previous time step 1ta  .
1 1( , , )t t t ts W W a  (4)

This paper categorizes the radar's working states into four types: search, confirmation (Com.),
tracking, and identification (Iden.). Under this classification framework, there are constraints on the
radar's working states:

10 , 3t tW W   (5)

3.4 Reward Function Design.
The reward function design, which evaluates the goodness of the agent's actions, is crucial for

algorithm convergence. Nevertheless, accurately modeling the reward function is confronted with
high complexity and difficulty in parameter adjustment. Additionally, as environmental uncertainty
increases, traditional reward functions find it hard to objectively and accurately assess the agent's
actions. In the GAIL process, the reward function is designed by comparing the similarity between
the agent's policy and the expert's policy to guide the agent's learning, which is specifically
implemented by constructing a discriminator.

On one hand, the discriminator takes the current state-action pair as input and outputs a
probability value. This value indicates the likelihood that the current state-action pair belongs to the
generated strategy. It intuitively reflects the difference between the generated strategy and the
expert strategy. This evaluative feedback can replace traditional manually designed reward
functions, guiding the generator to update its parameters. This significantly reduces modeling
difficulty and parameter sensitivity.

On the other hand, constructing a discriminator allows for generating specific rewards tailored to
the current strategy. This "custom-made" reward mechanism reduces the subjective bias and
empirical limitations of manually setting reward functions. It also automatically adjusts reward
signals based on dynamic changes in the environment. This enhances the algorithm's generalization
capability and adaptability. Compared to traditional reinforcement learning methods, this approach
avoids biases and shortcomings from manually designed reward functions. It is advantageous in
dynamic radar countermeasure scenarios. The specific configuration of the reward function is
detailed in Section 4.3 of this paper.

4. GAIL Framework for Jamming Decision-making
GAIL is an imitation learning method based on DRL and GAN. Building on this, this paper

establishes a GAIL-based jamming decision-making framework, as shown in Figure 3. The basic
GAIL framework typically consists of three stages: expert database construction, imitation learning,
and online application [15]. In the expert memory library construction stage, expert strategies are
generated based on the experience of pilots or domain experts and stored in the expert database.
During the imitation learning phase, the Actor-Critic network of the PPO algorithm[19] serves as
the generator to develop jamming decision strategies tailored to the jamming confrontation scenario.
Additionally, a Discriminator is introduced to differentiate between expert strategies and generated
strategies, with the generator and discriminator being updated inversely according to the
discrimination outcomes. The generator and discriminator reach a Nash equilibrium through mutual
competition, at which point the agent's strategy approximates the expert strategy. During the online
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application phase, various states are fed into the agent to determine the appropriate actions for those
states.

Fig. 3 GAIL framework for jamming decision-making

4.1 Constructing The Expert Database.
During flight, the aircraft selects different jamming styles to jam with the MFR, causing changes

in the MFR's working state. As shown in Figure 2, the MFR's working state can rise, fall, or remain
unchanged. Jamming actions that cause the MFR's working state to decrease or remain at a low
threat level can be considered effective. The state-action pairs corresponding to effective jamming
are stored to construct the expert database.

4.2 Constructing The Generator Network Based on The PPO Algorithm.
The generator network in this paper is based on the Actor-Critic architecture [20]. The Actor

network learns the jamming strategy by observing the aircraft state in real time and using the policy
gradient method. The Critic network uses data from the interaction between the Actor and the
environment to learn the state value function, which provides an evaluation basis for policy updates.
To enhance training stability, the network employs the PPO algorithm proposed by OpenAI in 2017
[21]. This algorithm introduces a constraint mechanism on the policy update magnitude, effectively
preventing the new policy from deviating too far from the current policy. It retains the advantages
of the policy gradient method while significantly improving training stability and sample efficiency.
The principle of the PPO algorithm is as follows:

The optimization objective function of PPO is as follows:
  ( ) min ( ) ,clip ( ),1 ,1CLIP

t t t t tL E r A r A         (6)
Where:
 ) (tr  is the probability ratio, representing the ratio of the probabilities of selecting an
action under the new policy and the old policy in the same state.
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old

( | )( )
( | )
t t

t
t t

a sr
a s









 (7)

Where, ( | )t ta s denotes the probability of the new policy choosing action ta in state ts ,
whereas

old
( | )t ta s is the probability of the old policy under the same state.

 tA is the advantage function, and its calculation formula is as follows:
1( ; ) ( ; )tt t tA R V s V s     (8)

Where, ( ; )tV s  represents the state value output by the Critic network when the input is ts ,
indicating the expected return the agent can obtain by following the current policy ; tR is the
reward value at time t .
 The function of clip( ( ),1 ,1 )tr     is to confine ) (tr  within the range [1 ,1 ]   ,
avoiding significant policy variations. In this study,  is assigned a value of 0.1.
The pseudocode for the PPO algorithm is as follows:

Algorithm 1 PPO Training
Initialize the parameters  of the policy network  .
Initialize the parameters of the value function network V .
While t T :

Collect a set of samples D by interacting with the environment using policy  .
Calculate the advantage function tA and the cumulative reward tR for each sample.
While k K :

Randomly sample a batch of data from the dataset D .
Randomly sample a batch of data from the dataset D .

Calculate the probability ratio
old

( | )( )
( | )
t t

t
t t

a sr
a s











Calculate the clipped probability ratio clip( ( ),1 ,1 )tr    

Calculate the policy loss  CLIPL  .

Calculate the value function loss  VFL  .

Calculate the total loss CLIP VF
1 2  ( , ) ( ) ( ) [ ]( )tL L c L c S s        

Update the parameters  and  using gradient descent.

old 

The generator network based on the PPO algorithm can prevent excessive policy updates through
the clipping mechanism, ensuring the stability of the training process. Additionally, PPO uses
sampled data for multiple training passes, enhancing sample efficiency, reducing sample
complexity, and enabling effective learning from the expert database.

4.3 Constructing The Discriminator Network.
The discriminator network evaluates how closely the generator mimics the expert strategy. When

the state-action pair ( , )t ts a generated by the generator is input into the discriminator network, it
outputs a real number in the range [0,1], where ( , )t tD s a represents the probability that the input
state-action pair comes from the generator strategy. The output of the generator guides the updates
of the generator network, causing the generator strategy to increasingly approximate the expert
strategy, allowing the state-action pairs generated by the generator to be misclassified as those
produced by the expert strategy. Therefore, the immediate reward tR at time t is set as:
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G
log ( , )t t tR D s a   (9)

Where, ( , )t tD s a represents the discriminator's judgment result; G denotes that the state-action
pair ( , )t ts a comes from the generator strategy;  represents the parameters of the discriminator
network.

The discriminator and generator compete against each other, with the discriminator continuously
updating to improve its ability to distinguish between the generator strategy and the expert strategy.
Therefore, the loss function F of the generator is defined as:

G E
( ) [log ( , ) ] [1 log ( , ) ]t t t tF E D s a E D s a        (10)

Where, [ ]E  represents the expected value; E denotes the expert strategy.

5. Improvement Strategy
The transition probabilities of the MFR's working states follow a Markov model. When the

aircraft selects a jamming style that does not match the radar's working state, the MFR's working
state may still decrease or remain at a low threat level. This information is stored in the expert
database. However, this implies that the expert database contains low-quality strategies, which can
negatively impact the learning performance of the agent. Therefore, this paper proposes an
improved strategy for generative adversarial imitation learning.

5.1 Behavior Model.
The BM is a model used to represent the distribution of behaviors in expert data. In this paper,

the BM is employed to learn behavioral strategies from expert data, enabling the extraction of
useful information even from low-quality datasets. The BM learns by maximizing the
log-likelihood of the observed behaviors, as shown in the formula:

bm bm

| |

bm ~
1

arg max log ( | )
T

D t t
t

a s
   



 
  

 
 (11)

Where, D is the expert dataset,
bm is the strategy of the behavior model, bm represents the

parameters of the BM, and T is the maximum number of steps. By employing this method, the
BM can identify the action distribution within the expert data, laying the groundwork for future
strategy optimization.

After obtaining the behavior distribution from the expert database using the behavior model, the
Advantage-Weighted Behavior Model (ABM) is employed to further optimize the behavior model
[22]. ABM introduces the advantage function to weight the BM, making the strategy more inclined
to select actions that are likely to succeed in the current task. Specifically, the objective function of
ABM is as follows:

 abm abm

| |

abm ~ :
1

ˆarg max log ( | ) ( ) ( )
i

T

D t t t N t
t

a s f R V s
     



 
  

 
 (12)

Where, :( )t NR  is the cumulative reward from time step t to N , ˆ ( )
i tV s is the value function

of the policy i at state ts , and f is a non-negative increasing function used to weight the
advantage.

5.2 Constructing The Negative Database.
As shown in Section 4.1, the traditional method of constructing the expert database only stores

state-action pairs with good jamming effects, while discarding those with poor jamming effects.
However, this approach has certain limitations. Inspired by the TOPSIS algorithm [23], [24], a good
strategy should be as close as possible to the expert strategy while being distinctly different from
poor strategies. Therefore, this paper chooses to collect state-action pairs corresponding to both
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good and poor jamming effects, constructing a positive database and an ND, respectively.
Extracting strategies from these two databases will result in two distinct BMs.

Combining the two BMs, the advantage-weighted model, and the ND, the discriminator's
immediate reward tR at time t is updated as:

bm1 bm2( | ) ( | )tR A a s A a s    (13)
Where,

G
log ( , )t tA D s a   represents the advantage function, bm1( | )a s and bm2 ( | )a s

denote the probabilities of taking action a in state s under the first and second behavior models,
respectively.

Through this improvement to the generative adversarial imitation learning algorithm, the agent
can efficiently learn the expert strategy and simultaneously avoid the suboptimal parts of the expert
database, resulting in a favorable learning performance.

6. Simulation Experiments
6.1 Simulation Scenario Construction and Basic Data Settings.

In the radar confrontation scenario of this paper, the two parties involved in the game are an
aircraft and an MFR, both operating in the same frequency band by default. The aircraft can
intelligently select jamming styles, making flexible decisions based on environmental changes.
There are three optional jamming styles, labeled as Jamming Style 1, Jamming Style 2, and
Jamming Style 3 [15]. When the aircraft jams the MFR, the radar's working state changes follow a
Markov process, with the state transition probabilities shown in Table 1. After constructing the
scenario and related data, we further elaborate on the parameters of generative adversarial imitation
learning, as shown in Table 2.

Table 1. Working state transition probability table

Current Mode Jamming Type1 Jamming Type2 Jamming Type3
Search Con. Track Iden. Search Con. Track Iden. Search Con. Track Iden.

Search 0.9 0.1 0 0 0.3 0.7 0 0 0.6 0.4 0 0
Con. 0.8 0 0.2 0 0.5 0 0.5 0 0.2 0 0.8 0
Track 0.2 0 0.7 0.1 0.9 0 0.09 0.01 0.11 0 0.8 0.09
Iden. 0.15 0 0.1 0.75 0.7 0 0.19 0.11 0.12 0 0.03 0.85

Table 2. Parameters of neural network

Parameters of PPO Value Parameters of PPO Value
Actor network Critic network
Input layer 3 Input layer 3
Hidden layer1 128 Hidden layer1 128
Hidden layer2 64 Hidden layer2 64
Output layer 3 Output layer 1
Discount factor 0.999 Discount factor 0.999
Learning rate 1e-5 Learning rate 1e-5

Min batch size 200 Optimizer Adam
Parameters of GAIL Value Parameters of GAIL Value
Discriminator network Discriminator network

Input layer 6 Discount factor 0.999
Hidden layer1 64 Learning rate 1e-4
Hidden layer2 32 Min batch size 200
Output layer 1 Optimizer RMSprop

Parameters of BM
Input layer 3 Discount factor 0.999
Hidden layer1 128 Learning rate 1e-4
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Hidden layer2 64 Min batch size 200
Output layer 3 Optimizer Adam

6.2 Offline Training Results Analysis.
In the offline training stage, the agent iteratively updates itself to mimic the expert's strategy. To

validate the effectiveness of the proposed GAIL combined with the BM and ND, it is compared
with four other algorithms. These four algorithms are the random strategy (Random), the basic
GAIL (GAIL), the GAIL algorithm combined with the BM (GAIL_BM), and the GAIL algorithm
combined with the ND (GAIL_ND). To effectively compare the performance of the five methods,
this study defines a reward function, as presented in Table 3. This reward function is used
exclusively for comparison and is not involved in the agent's learning process. Set the number of
steps in each episode to 200 and the total number of episodes T to 2000. The effectiveness
comparison of the algorithms is illustrated in Figure 4.

Table 3. The corresponding reward of radar working state transition

Current Mode Next Mode
Search Con. Track Iden.

Search 2 -2 NAN NAN
Con. 3 NAN -4 NAN
Track 4 NAN -8 -10
Iden. 5 NAN 0 -10

Fig. 4 The effectiveness comparison of five strategies
As illustrated in Figure 4, the GAIL algorithm is capable of mimicking the expert database, but

the imitation performance is relatively poor, and the learning process exhibits instability with
considerable fluctuations. By combining the BM and the ND with the GAIL algorithm, the learning
effectiveness is improved, and the learning process becomes more stable. Specifically, the
introduction of the behavior model enables the agent to better extract useful information from
low-quality data, improving the accuracy of imitating the expert strategy; meanwhile, the
construction of the negative database prevents the agent from learning low-quality jamming
strategies, further enhancing the quality of the strategy. The combined effect of these two
improvement strategies ensures that the improved GAIL algorithm outperforms the traditional
GAIL algorithm in both learning efficiency and stability.
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6.3 Online Application Results Analysis.

After completing the offline training phase, the Actor network trained by the GAIL algorithm
can be directly applied to online jamming style decision-making. To validate the effectiveness of
the proposed method, we conducted a comparative analysis of four jamming strategies based on the
GAIL algorithm. Using each algorithm, we trained for 1000 episodes, resulting in four different
agents, and conducted jamming decisions based on these agents.

Fig. 5 Radar working states transition
As shown in the figure, the improved GAIL algorithm demonstrates a significant enhancement in

online application effectiveness compared to the basic GAIL algorithm, with fewer instances of the
MFR entering the identification state, effectively reducing the survival threat faced by the aircraft.
Compared to the three improved methods, the jamming strategy implemented based on the method
proposed in this paper allows the MFR to remain in the search state for the longest duration.
Compared to the three improved methods, the jamming strategy implemented based on the method
proposed in this paper allows the MFR to remain in the search state for the longest duration.

Fig. 6 Comparison of radar working state statistics



195

Advances in Engineering Technology Research AIMMEE 2025
ISSN:2790-1688 Volume-15-(2025)

Table 4. Radar working state statistics
Working state Proposed GAIL_BI GAIL_ND GAIL

Search 746 688 690 639
Con. 183 185 182 198
Track 62 120 115 124
Iden. 9 7 3 39

As shown in Figure 6 and Table 4, when implementing jamming based on the GAIL algorithm,
the radar enters the high-threat-level tracking and identification states 124 and 39 times,
respectively. After improving the GAIL algorithm, the number of times the radar enters the tracking
and identification states is significantly reduced. Among them, the method proposed in this paper
achieves the best jamming effect, reducing the number of times the radar enters the tracking and
identification states to 62 and 9, respectively, effectively mitigating the survival threat faced by the
aircraft.

7. Conclusion
Traditional DRL methods face challenges in designing reward functions and require a long

adaptation time to the environment when addressing jamming style selection problems. Using
generative adversarial imitation learning algorithms enables the aircraft to adaptively select
jamming styles from the beginning of the confrontation, but it imposes higher requirements on the
expert database. This paper conducts jamming strategy learning under low-quality database
conditions and draws the following conclusions:

(1) By adopting generative adversarial networks, the modeling complexity and parameter
sensitivity of the reward function can be effectively reduced, addressing the difficulty in designing
reward functions for complex jamming style selection problems.

(2) Introducing the BM and ABM can effectively enhance the agent's imitation of expert
strategies.

(3) Constructing an ND can effectively prevent the agent from learning poor jamming strategies,
thereby improving the agent's learning performance.

This paper improves generative adversarial imitation learning, enabling effective learning from
low-quality databases. Future research could focus on more dynamic environments to enhance the
applicability of the algorithm.
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