

  applsci-16-03096




applsci-16-03096







Appl. Sci. 2026, 16(6), 3096; doi:10.3390/app16063096




Article



Hybrid Attribution-Based Interpretable Deep Reinforcement Learning for Autonomous Driving Behavior Decision-Making



Yaxuan Liu, Jiakun Huang, Mingjun Li *, Qing Ye and Xiaolin Song





College of Mechanical and Vehicle Engineering, Hunan University, Changsha 410082, China









*



Correspondence: mingjunl@hnu.edu.cn; Tel.: +86-151-1125-4549







Citation: Liu, Y.; Huang, J.; Li, M.; Ye, Q.; Song, X. Hybrid Attribution-Based Interpretable Deep Reinforcement Learning for Autonomous Driving Behavior Decision-Making. Appl. Sci. 2026, 16, 3096. https://doi.org/10.3390/app16063096



Academic Editor: Douglas O’Shaughnessy



Received: 13 February 2026 / Revised: 10 March 2026 / Accepted: 17 March 2026 / Published: 23 March 2026



Abstract


With the increasing deployment of autonomous driving systems, the opaque nature of deep reinforcement learning (DRL) decision models hinders understanding and validation of driving decisions. To address this challenge, we propose a Hybrid Attribution-based Interpretable Deep Reinforcement Learning framework (HA-IDRL) for autonomous driving behavior decision-making. The framework introduces a Hybrid Gradient–LRP (HGL) attribution mechanism that integrates gradient-based attribution and Layer-wise Relevance Propagation (LRP) to capture complementary sensitivity and contribution information, producing more consistent and comprehensive post hoc explanations. In addition to post hoc interpretability, we enhance structural interpretability by replacing the conventional multilayer perceptron (MLP) in the Dueling Deep Q-Network (Dueling DQN) architecture with Kolmogorov–Arnold Networks (KAN). By representing nonlinear interactions through learnable univariate functions and explicit summation structures, KAN provides inherently interpretable functional decompositions. The proposed framework is evaluated on a highway lane-changing task using the highway-env simulator. Experimental results show that HA-IDRL achieves decision-making performance comparable to representative DRL baselines, including Dueling DQN and Soft Actor-Critic (SAC), while providing explanations that are more stable and better aligned with human driving semantics. Moreover, the proposed method produces explanations with low computational overhead, enabling efficient and real-time interpretability in practical autonomous driving applications. Overall, HA-IDRL advances trustworthy autonomous driving by enabling high-performance decision-making and rigorous, multi-level interpretability, thereby improving the transparency and operational reliability of DRL-based driving policies.
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1. Introduction


Autonomous driving systems typically consist of multiple functional modules, including environment perception, behavior decision-making, motion planning, and vehicle control. Among them, behavior decision-making and motion planning play a critical role in complex traffic environments, where vehicles must simultaneously consider safety, traffic efficiency, driving comfort, and interactions with surrounding traffic participants to generate high-level driving decisions or trajectories [1,2].



Early approaches to autonomous driving behavior decision-making and planning relied mainly on rule-based or model-driven methods, such as finite-state machine-based lane-changing logic [3], cost-function-based search planning [4], and traffic-flow-driven models, including the well-known MOBIL lane-changing model [5]. These methods exhibit clear structural interpretability and perform reliably in controlled or low-complexity scenarios. Nevertheless, their firm reliance on handcrafted rules results in high design costs and limited scalability, making it difficult to generalize to complex, highly interactive traffic environments.



To overcome these limitations, data-driven learning-based approaches have been increasingly adopted. Supervised learning and imitation learning methods have been widely applied to learn driving behaviors from human expert demonstrations, significantly reducing the burden of manual rule design [6,7]. However, such methods are sensitive to the distribution of the training data. When encountering unseen scenarios, behavioral variations of other traffic participants, or perception-induced distribution shifts, their performance often degrades substantially [8]. Moreover, the lack of closed-loop interaction with the environment limits their ability to optimize long-term decision objectives.



In recent years, reinforcement learning (RL) has emerged as a promising paradigm for autonomous driving decision-making. By continuously interacting with the environment and optimizing policies based on reward feedback, RL enables agents to learn decision strategies that maximize long-term returns directly. In particular, the development of deep reinforcement learning (DRL) introduces deep neural networks to approximate high-dimensional state–action mappings, allowing end-to-end policy learning in complex state spaces. Representative DRL algorithms include value-based methods such as Deep Q-Network (DQN) [9] and its variants (e.g., Double Deep Q-Network (DDQN) [10], Dueling Deep Q-Network (Dueling DQN) [11]), as well as policy-based and actor–critic approaches such as Proximal Policy Optimization (PPO) [12] and Soft Actor-Critic (SAC) [13]. Compared with supervised or imitation learning, DRL alleviates performance degradation under distribution shifts to some extent and demonstrates strong adaptability and flexibility in tasks such as highway driving, lane-changing, and multi-vehicle coordination [14].



In parallel with the rapid development of deep reinforcement learning, extensive research has focused on improving neural network architectures and training strategies to enhance learning efficiency and model generalization. For instance, neural architecture search (NAS) has been widely studied to automatically discover efficient network structures and improve model design efficiency, significantly reducing the need for manual architecture engineering [15]. Graph neural networks (GNNs) have been applied to represent traffic scenes as structured graphs, where detected objects are modeled as nodes and their relationships are constructed through interaction patterns among traffic participants [16]. Recently, state-space-based architectures such as Mamba have been proposed for efficient long-sequence modeling with linear computational complexity, providing a promising alternative to transformer-based models [17]. Meanwhile, reinforcement learning algorithms have also evolved rapidly. Distributional reinforcement learning improves value estimation by modeling the full return distribution rather than its expectation [18], while recent studies on representation learning for reinforcement learning aim to learn informative state–action representations to improve policy learning efficiency and generalization in complex environments [19]. However, despite these advances, most existing studies primarily focus on improving model performance and representation capability, while paying limited attention to the interpretability of the learned decision policies. Artificial neural networks (ANNs), particularly multilayer perceptrons (MLPs), have long been criticized for their lack of interpretability, which limits their practical deployment in safety-critical systems [20]. In such domains, providing reliable explanations is essential for increasing user trust and system acceptance [21], simplifying model verification and validation [22], facilitating error diagnosis and correction [23], and supporting compliance with regulatory requirements and standards [24,25].



Despite these advantages, DRL significantly exacerbates the interpretability challenge. The highly nonlinear and hierarchically coupled structure of deep neural networks makes the internal decision-making process difficult to understand [26]. Interpretability is a critical prerequisite for safety evaluation, decision validation, and trustworthiness of autonomous driving systems. The lack of transparent explanations can substantially increase uncertainty and potential risks in complex or extreme traffic situations [27,28].



To improve the interpretability of DRL-based decision-making models, existing studies have explored various approaches, which can be broadly categorized into three classes. The first class adopts intrinsically interpretable structures, such as decision trees [29], finite-state machines [30], or prototype-based learning [31], in which the decision logic is inherently interpretable. However, their limited expressive capacity often restricts their applicability to complex dynamic traffic scenarios. The second class focuses on post hoc explanation methods that infer decision rationales by analyzing input–output relationships without modifying the original network structure. Representative methods include LIME [32] and SHAP [33]. While these methods are model-agnostic, their explanations are often decoupled from the internal representations of DRL models, limiting their fidelity to the actual decision process. The third class attempts to directly explain the internal mechanisms of neural networks, such as Integrated Gradients [34] and Layer-wise Relevance Propagation (LRP) [35], which quantify feature-level contributions to the decision output. Although these methods provide fine-grained explanations, their robustness and stability are often compromised by the deep nonlinear coupling inherent in conventional MLP architectures.



In our previous work [36], we have explored combining Kolmogorov–Arnold Networks (KAN) [37] with LRP to enhance structural interpretability by leveraging explicit nonlinear function representations. By replacing scalar weights with learnable univariate functions, KAN provides clearer semantic pathways for attribution propagation. Experimental results in [36] further indicate that attribution methods applied to KAN-based models can produce clearer and more stable explanations compared with those obtained from conventional MLP architectures. However, LRP primarily focuses on contribution allocation and is relatively insensitive to feature perturbations, particularly near decision boundaries. In contrast, gradient-based methods effectively capture local sensitivity but tend to underestimate feature importance in saturated regions where gradients vanish.



Motivated by this complementary behavior, this paper proposes a Hybrid Gradient–LRP (HGL) attribution method that integrates sensitivity-based and contribution-based explanations within a unified framework. Building upon this attribution mechanism, we further develop a Hybrid Attribution-based Interpretable Deep Reinforcement Learning framework (HA-IDRL) for autonomous driving behavior decision-making. The proposed approach simultaneously enhances structural interpretability through KAN-based value function modeling and feature-level interpretability through hybrid attribution, enabling more comprehensive, stable, and semantically aligned explanations without sacrificing decision performance.



The main contributions of this work are summarized as follows:




	
We extend gradient-based sensitivity analysis to the KAN-based value function and integrate it with LRP-based contribution allocation, thereby proposing a hybrid attribution mechanism. The proposed method provides computationally efficient, real-time, comprehensive, and semantically aligned explanations for DRL decision-making.



	
We introduce KAN into the Dueling DQN framework to enhance structural interpretability and improve the consistency of attribution propagation.



	
We validate the proposed HA-IDRL framework on a highway lane-changing task, demonstrating that it achieves competitive driving performance while significantly improving interpretability quality.








The rest of this paper is structured as follows:



Section 2 introduces the proposed interpretable decision-making framework and its theoretical motivation. Section 3 presents the simulation experiments, including the experimental configuration, evaluation metrics, and performance evaluation results. Section 4 further analyzes the interpretability of the proposed framework through local, counterfactual, and global attribution analyses. Finally, Section 5 concludes the paper.




2. Interpretable Deep Reinforcement Learning Methodology


Due to the highly nonlinear mapping from state observations to action selection, the internal decision logic of DRL policies remains largely opaque, making it difficult to analyze, validate, and trust autonomous driving behaviors.



To address this limitation, this section establishes the theoretical foundation for the proposed HA-IDRL framework, designed to improve the interpretability of DRL-based decision-making in autonomous driving. The HA-IDRL framework provides a unified perspective for interpreting DRL-based driving decisions from multiple complementary viewpoints.



Within this framework, structural interpretability is achieved by KAN into the decision model; sensitivity-based interpretability is captured through gradient attribution; and contribution-based interpretability is modeled via LRP, together with the proposed hybrid attribution strategy. The following subsections present the theoretical foundations of these components and their integration within the overall HA-IDRL framework.



2.1. HA-IDRL Framework Overview


We propose an HA-IDRL framework for autonomous driving decision-making, as illustrated in Figure 1. The proposed approach falls within the emerging field of interpretable reinforcement learning, which aims to improve the transparency of reinforcement learning policies while maintaining strong decision performance. The HA-IDRL framework represents a practical implementation of this paradigm.



The framework adopts a Dueling DQN-based decision model as its core, preserving original decision performance while introducing multi-level interpretability mechanisms. Given a state s, the policy network outputs action-value estimates and selects the optimal action. In parallel, the interpretability module analyses the decision rationale at both structural and feature levels.



At the structural level, KAN replace conventional MLP to provide explicit nonlinear functional representations that enable attribution signals to propagate along well-defined, interpretable functional pathways. At the feature level, gradient attribution captures local sensitivity, while LRP quantifies global contribution. These complementary signals are fused through HGL to generate comprehensive, stable, and semantically aligned explanations.



By jointly integrating structural, feature-level, and decision-level interpretability, HA-IDRL forms a unified explanatory loop that enables transparent, verifiable, and semantically meaningful analysis of autonomous driving decisions.




2.2. Kolmogorov–Arnold Networks for Value Function Modeling


Conventional DRL methods typically employ an MLP to approximate value functions. Nonlinearity is introduced through fixed activation functions such as ReLU or Tanh. Although effective in practice, this modeling paradigm relies on deeply coupled parameters, resulting in opaque internal representations and limited structural interpretability.



Several interpretable structures have been explored to improve the transparency of decision-making systems, including decision trees, prototype-based models, and finite-state machines (FSMs). Decision trees provide rule-based explanations but often suffer from scalability issues when handling high-dimensional state spaces and continuous control tasks commonly encountered in autonomous driving. Prototype-based models interpret predictions by comparing inputs with representative examples; however, maintaining meaningful prototypes becomes challenging when the state distribution evolves during reinforcement learning. Finite-state machines offer explicit state-transition logic but lack the flexibility required to model complex nonlinear interactions in dynamic traffic environments. Consequently, directly integrating these structures into modern deep reinforcement learning frameworks is difficult, as they often sacrifice either modeling capability or training efficiency.



To address this limitation, we adopt KAN as the function approximator within the DRL framework. KAN are theoretically grounded in the Kolmogorov–Arnold representation theorem, which states that any continuous multivariate function f(x) can be decomposed into a finite sum of univariate functions, as shown in Equation (1).


  f ( x ) =   ∑  k = 1  K    ϕ  k       ∑  i = 1  d    ϕ  k , i   (  x i  )        



(1)




where    ϕ  k   ( ⋅ )   and    ϕ  k , i   ( ⋅ )   are continuous univariate functions.



Inspired by this theorem, KAN explicitly introduces nonlinear modeling capability into network connections by replacing scalar weights with learnable univariate functions. In practice, these functions are parameterized using continuous and differentiable multi-grid B-spline bases, enabling flexible yet structured nonlinear approximation. The fundamental computation of a KAN layer is defined in Equation (2).


   y j    =   ∑  i = 1  d    ϕ  i j          x i     



(2)




where    ϕ  i j   ( ⋅ )   denotes the learnable univariate function mapping input    x i    to output node j. For the l-th layer, the input feature vector is defined as Equation (3).


   h  ( l )   =    h 1  ( l )   ,  h 2  ( l )   , … ,  h n  ( l )      



(3)







Then the output of the layer is computed according to Equation (4).


   h j    l + 1     =   ∑  i = 1    d l      ϕ  i j   ( l )        h i   l       



(4)




where    ϕ  i j   ( l )     represents the learnable univariate function between nodes i and j at layer l.



Through this layered composition, KAN represents high-dimensional nonlinear mappings as structured combinations of learnable univariate functions. As discussed in the original KAN work [37], such a representation provides a more transparent functional structure compared with conventional MLP, since each connection is modeled as an explicit univariate function rather than a scalar weight. This structural formulation preserves expressive capability while maintaining explicit relationships between input variables and output responses. The same study also reports that KAN can achieve comparable representation capability with significantly smaller network structures and fewer layers, which facilitates attribution-based analysis. Moreover, recent studies have shown that attribution methods applied to KAN-based models can produce clearer and more stable explanations compared with those applied to conventional MLP architectures [36]. These properties provide a structural basis for gradient-based and relevance-based attribution analysis.



In this work, we integrate KAN into the Dueling DQN architecture by replacing the MLP-based value networks with KAN. Specifically, KAN are used to parameterize both the state-value function V(s) and the action-advantage function A(s, a), while preserving the original value–advantage decomposition and optimization objectives. This modification introduces structural interpretability into the decision-making model without altering the underlying reinforcement learning algorithm.




2.3. Gradient-Based Attribution with KAN


The theoretical formulation of combining KAN with LRP-based relevance propagation has been established in [25], and is therefore not elaborated in detail in this work.



Gradient-based attribution is a widely used interpretability technique that quantifies the relative importance of input features by analyzing how the model’s output changes with input perturbations. Formally, the gradient of the model output provides a first-order local approximation of how changes in each input dimension influence the decision.



When combined with KAN, gradient attribution exhibits enhanced structural clarity. From Equation (2), the partial derivative of the output with respect to an input dimension can be expressed as Equation (5).


     ∂  y j    ∂  x i       =   ∑  i = 1  n    ϕ  i j  ′     x i       



(5)







This formulation indicates that the gradient depends solely on the derivative of the corresponding univariate function, rather than on entangled multi-dimensional interactions.



From the layer-wise formulation in Equation (4), the Jacobian element of the   l  -th layer can be expressed as Equation (6).


   J   l    ≜    ∂  h j    l + 1       ∂  h j   l       =          ϕ  i j   ( l )      ′     h i   l          j , i    



(6)







Let the KAN-based value network be a scalar-output function   f ( x )  . The end-to-end gradient with respect to the input is computed via the chain rule, as shown in Equation (7).


  ∇ x   f ( x ) =      J  ( 0 )      ⊤       J  ( 1 )      ⊤  …      J  ( n )      ⊤   



(7)




and the gradient attribution for the k-th input dimension is defined as Equation (8).


     ∂ f ( x )   ∂  s k     =   ∑     i 1  , … ,  i L         ∏  l = 0  L       ϕ   i l     i  l + 1     ( l )      ′        h   i l     l       



(8)




where gradients accumulate along all valid functional paths in the network.



Compared with conventional MLP, attribution propagation in KAN follows semantically explicit functional pathways, which effectively mitigate entanglement in propagation paths caused by deep nonlinear coupling. This property facilitates clearer interpretation for both gradient-based and relevance-based attribution methods, as illustrated by the structural comparison between MLP and KAN in Table 1.



For reinforcement learning, gradient attribution is applied to the action-value function, using a first-order Taylor expansion around state s, as shown in Equation (9).


  Q ( s + Δ s , a ) ≈ Q ( s , a ) + ∇ s   Q   ( s , a )  ⊤  Δ s  



(9)




where the gradient vector is defined as Equation (10).


  ∇ s Q ( s , a ) =        ∂ Q ( s , a )   ∂  s 1       , … ,    ∂ Q ( s , a )   ∂  s n        ⊤   



(10)







Thus, the gradient vector   ∇ s Q ( s , a )   can be interpreted as a feature-level sensitivity measure. Under the Dueling DQN decomposition, the action-value function is defined as Equation (11).


  Q ( s , a ) = V ( s ) + A ( s , a )  



(11)







Based on Equation (11), the gradient naturally decomposes as Equation (12).


  ∇ s Q ( s , a ) = ∇ s V ( s ) + ∇ s A ( s , a )  



(12)







Accordingly, gradient attribution can be separately defined for the state-value branch and the action-advantage branch, as shown in Equations (13) and (14), respectively.


   g V  = ∇ s V ( s )  



(13)






   g A  = ∇ s A ( s , a )  



(14)







This structural decomposition aligns gradient attribution with the internal computation graph of the decision model, enabling branch-level interpretability analysis consistent with the value–advantage architecture. The overall architecture of the KAN-based reinforcement learning decision-making model for highway lane changing is illustrated in Figure 1.




2.4. Hybrid Gradient–LRP Attribution Method


Gradient attribution can provide an effective explanation of how small perturbations in state features influence action preferences near decision boundaries. However, relying solely on gradient-based attribution remains insufficient. When a feature’s influence enters a saturation regime, the model output becomes insensitive to further changes in that feature, leading to significantly reduced gradient magnitudes—even though the feature may still play a critical role in the current decision. In such cases, gradient attribution tends to underestimate the importance of saturated yet decisive features. To complement this limitation, LRP is employed to capture cumulative feature contributions in saturation regimes.



To illustrate the complementary behaviors of gradient-based attribution and LRP, Figure 2a presents a schematic relationship between a continuous state feature (e.g., the longitudinal distance to the right-front vehicle) and the decision output (e.g., lane change right).



When the feature value lies in the intermediate region (S2), the output is highly sensitive to feature variations, and gradient magnitudes are correspondingly large, effectively capturing the feature’s immediate influence on decision changes. In this region, LRP assigns relatively smaller relevance values. In contrast, when the feature enters the positive or negative saturation regions (S1 and S3), the output response becomes flat and gradient information diminishes or even vanishes, whereas LRP has large relevance scores by capturing the feature’s cumulative contribution to the current decision.



From an attribution mechanism perspective, this limitation is further clarified in Figure 2b, which compares gradient-based attribution and LRP for the same decision target   f ( s )  . Gradient attribution, derived from a first-order Taylor approximation,   ∇ f ( s ) Δ s   characterizes local sensitivity by approximating the output variation induced by infinitesimal input perturbations. LRP, by contrast, follows the principle of relevance conservation and redistributes the decision output backward through the network, assigning feature-level relevance scores   R (  s i  )   that reflect cumulative contribution to the current decision.



This complementary behavior motivates the proposed HGL method. Conceptually, gradient attribution captures local sensitivity, while LRP characterizes global contribution under saturation. HGL integrates these two perspectives to achieve more complete and robust explanations.



Given a decision target y (e.g.,   V ( s )   or   A ( s , a )  ), gradient and LRP attribution vectors are computed as Equation (15).


  g = [  g 1  , … ,  g D  ] ,   r = [  r 1  , … ,  r D  ]  



(15)




where D denotes the state dimension. Both vectors are normalized using an     l   1    -norm, as shown in Equation (16).


   g ˜  =   g  | | g |  | 1  + ε    ,    r ˜  =   r  | | r |  | 1  + ε     



(16)




where  ε  is a numerical stabilization constant.



A feature-level intensity score is then defined as Equation (17).


   a i  = |    g ˜   i  | + |    r ˜   i  |  



(17)




which jointly reflects sensitivity and contribution magnitude. To suppress unstable explanations on low-intensity features, an adaptive confidence threshold is introduced, as shown in Equation (18).


   a i  ≥ λ ⋅ median ( a )  



(18)




where  λ  is a scaling coefficient. Features below this threshold are excluded from explanation.



For retained features, a fusion weight is defined as Equation (19).


   w i  =    |    g ˜   i  |   |    g ˜   i  | + |    r ˜   i  |     



(19)




The final hybrid attribution is then computed according to Equation (20).


   I i  =  w i  ⋅      g ˜   i    +   1 −  w i    ⋅      r ˜   i     



(20)







This formulation enables HGL to adaptively emphasize gradient attribution in sensitivity-dominant regions and LRP attribution in saturation-dominant regions, thereby mitigating the limitations of either method alone. The training and explanation procedure of the proposed HA-IDRL framework is summarized in Algorithm 1.



	Algorithm 1 Training and Explanation Procedure of HA-IDRL



	Require: Environment Env, replay buffer M, maximum episodes T, mini-batch size N, discount factor γ

Ensure: Trained KAN-based Dueling DQN model Q(s, a) and hybrid attribution result HGL

1:      Initialize environment Env, KAN-based Dueling DQN evaluation network Qθ(s, a), target network Qϕ(s, a), and replay buffer M

2:      for episode = 1 to T do

3:            Reset Env and observe initial state s0

4:            while episode not terminated do

5:                  Select action at using ε-greedy policy based on Qθ(st, a)

6:                  Execute action at in Env and observe reward rt, next state st+1, terminal flag dt

7:                  Store transition (st, at, rt, st+1, dt) in M

8:                  if M is ready for training then

9:                       Sample a mini-batch {(si, ai, ri, si+1, di)} from M

10:                     Compute target value: yi = ri + γ(1 − di) maxa′Qϕ(si+1, a′) and TD loss: L = (1/N) Σi (Qθ(si, ai) − yi)2

11:                     Update θ by minimizing L

12:                end if

13:                st ← st+1

14:                Periodically update target network ϕ ← θ

15:          end while

16:    end for

17:    Given a trained KAN-based Dueling DQN model and an input state s

18:    Compute gradient attribution g for the explained action

19:    Compute LRP attribution r for the same decision target

20:    Fuse g and r using the HGL rule to obtain I

21:    Output I as the final feature-level explanation










3. Experimental Evaluation


3.1. Simulation Environment


All experiments are conducted using the highway-env simulation platform [38], which provides a Markov Decision Process (MDP)-based formulation for modeling multi-vehicle interactions in highway driving scenarios. The environment supports longitudinal driving, lane-changing maneuvers, and multi-agent interactions, and has been widely adopted for evaluating reinforcement learning-based autonomous driving algorithms.



In this work, we construct a multi-lane highway scenario in which the ego vehicle is controlled by a reinforcement learning agent. In contrast, surrounding vehicles follow rule-based driving models to emulate realistic traffic flow. This setting enables systematic evaluation of decision-making performance in dynamic traffic interactions while maintaining a controlled, reproducible experimental setup.



In contrast to studies that rely on pre-collected driving datasets, the training data in this work are generated online through continuous interactions between the reinforcement learning agent and the simulation environment within highway-env platform [38]. At each time step, the agent observes the environment state st, executes an action at, and receives the corresponding reward rt, next state st+1, and a terminal indicator dt, forming transition tuples (st, at, rt, st+1, dt). These interaction samples are stored in a replay buffer and randomly sampled for network training. Therefore, no external dataset is required, and all training samples are produced dynamically during the simulation process.



All experiments were conducted on a workstation equipped with an Intel i9-10900K CPU (Intel Corporation, Santa Clara, CA, USA), an NVIDIA GeForce RTX 3090 GPU (NVIDIA Corporation, Santa Clara, CA, USA), and 32 GB of RAM. The proposed framework was implemented in Python 3.9.7 using the PyTorch 2.7.1 deep learning library. The simulation environment was built on the highway-env 1.10.1 platform based on the OpenAI Gym 0.26.2 interface. This hardware and software configuration provides sufficient computational resources for training and evaluating the proposed HA-IDRL framework.




3.2. State and Action Spaces


The state representation includes the ego vehicle and its nearest surrounding vehicles in adjacent lanes. Specifically, six vehicles are considered: the ego vehicle and five neighboring vehicles. A six-dimensional state vector describes each vehicle, as defined in Equation (21).


   S i  = (  P r   i    , Δ  x i  , Δ  y i  ,  v x   i    ,  v y   i    , a c  c   i    )  



(21)




where    P r   i    ∈   0 , 1     is a presence indicator specifying whether vehicle i is within the perception range (with    P r   0    = 1   for the ego vehicle),   Δ  x i    and   Δ  y i    denotes the longitudinal and lateral relative distances to the ego vehicle (  Δ  x 0  , Δ  y 0    indicates the lateral distance from the vehicle to the boundary between the right and left lanes),    v x   i    ,  v y   i      represents longitudinal and lateral velocities, and   a c  c   i      is the longitudinal acceleration.



The overall system state is formed by concatenating the state vectors of all vehicles, resulting in a 36-dimensional state space.



A discrete action space is adopted, as defined in Equation (22).


  A =    lane   change   left ,   lane   change   right ,   keep   lane     



(22)







At each time step, the agent selects an action from  A  based on the current state observation. In highway driving, the longitudinal motion of all vehicles is governed by the Intelligent Driver Model (IDM) [24], while the lane-changing decisions of surrounding vehicles are determined by the MOBIL model [5].




3.3. Reward Design


To encourage safe, efficient, and comfortable driving behaviors, the instantaneous reward at time step tis defined as a weighted sum of multiple objectives, as formulated in Equation (23).


   r t  =  α 1   r t  s p e e d   −  α 2   C t  s a f e t y   −  α 3   C t  f u e l   −  α 4   C t  c o m f o r t    



(23)




where    α 1  ,  α 2  ,  α 3  ,  α 4  > 0   are weighting coefficients controlling the relative importance of speed, safety, energy consumption, and comfort, respectively.



3.3.1. Speed Reward


To promote efficient driving, a speed reward is defined as Equation (24).


   r t  s p e e d   =     v t  −  v  min      v  max   −  v  min      ,    r t  s p e e d   ∈   0 , 1    



(24)




where    v t    is the ego vehicle’s longitudinal speed at time t, and    v  min   ,        v  max     denotes the minimum and maximum allowable speeds.




3.3.2. Safety Penalty


Safety is enforced through a penalty term that strongly discourages collisions and dangerous proximity, as defined in Equation (25).


   C t  s a f e t y   =     10 ,           i f   c o l l i s i o n     1 ,                     i f   0 <  d  min   < 5   m     1 −     d  min   − 5  5   ,       i f   5   m ≤  d  min   < 10   m     0 ,             o t h e r w i s e      



(25)




where    d  min     denote the distance to the closest vehicle in the same lane.




3.3.3. Energy Consumption Penalty


To approximate energy efficiency, the energy cost is modeled as a quadratic function of longitudinal acceleration, as defined in Equation (26).


   C t  f u e l   = a c  c 2   



(26)




where   a c c   is the ego vehicle’s longitudinal acceleration. This term discourages aggressive acceleration and deceleration behaviors.




3.3.4. Comfort Penalty


Driving comfort is jointly constrained by acceleration magnitude and lane-changing frequency, as defined in Equation (27).


   C t  c o m f o r t   =   a c c   +  α 5   δ  l c    



(27)




where    α 5    is a lane-change penalty coefficient and    δ  l c     is an indicator function that equals 1 when a lane change action is executed, and 0 otherwise.





3.4. Baselines and Training Configuration


To evaluate the effectiveness of the proposed HA-IDRL framework, several representative reinforcement learning algorithms are selected as baselines:




	
PPO: PPO is an on-policy actor–critic algorithm that stabilizes training via a clipped objective.



	
SAC: SAC is an off-policy maximum entropy method that balances exploration and exploitation.



	
DDQN: DDQN mitigates Q-value overestimation through decoupled action selection and evaluation.



	
Dueling DQN: Dueling DQN improves learning efficiency by decomposing Q-values into state value and action advantage components.








These baselines cover both value-based and policy-gradient-based reinforcement learning paradigms. All methods are trained in the same environment and with the same reward structure to ensure a fair comparison. Hyperparameters related to optimization and environment configuration are kept consistent across algorithms unless otherwise specified. The key hyperparameters used in the experiments are summarized in Table 2.



To ensure a comprehensive evaluation across different traffic conditions, three traffic-density scenarios are considered. In the low-density scenario, the initial inter-vehicle spacing is set to 60 m, corresponding to approximately 67 vehicles per kilometer. In the medium-density scenario, the spacing is reduced to 30 m, resulting in approximately 134 vehicles per kilometer. Finally, in the high-density scenario, the spacing is further reduced to 15 m, corresponding to approximately 267 vehicles per kilometer. These density settings are selected in accordance with prior lane-changing studies [39]. The proposed models are trained and evaluated across all three traffic-density conditions.



For the low- and medium-density scenarios, training consists of 300 episodes, with each episode lasting up to 200 time steps. Each time step corresponds to one second of real-world driving time, resulting in a maximum episode duration of 200 s. For the high-density scenario, the number of training episodes is increased to 400 to account for the increased complexity of traffic interactions.




3.5. Decision-Making Performance Evaluation


Figure 3a illustrates the evolution of average episodic return during training. Policy-gradient-based methods (e.g., PPO and SAC) achieve higher returns in the early stages of training because their on-policy update mechanisms enable rapid policy adaptation. In contrast, value-based methods require sufficient exploration to stabilize state–action value estimation, resulting in slower initial convergence but steady performance improvement.



Compared with standard Dueling DQN, the proposed HA-IDRL exhibits comparable convergence behavior and reward levels, with smooth training curves and similar variances. Figure 3b–d further report the evolution of average speed, safety penalty, and energy consumption. SAC achieves higher average speeds in later stages but incurs greater safety penalties. PPO demonstrates conservative behavior with strong early safety performance but limited speed improvement. Value-based methods maintain balanced safety and efficiency profiles throughout training.



All algorithm agents are evaluated using the same random seed, and each agent is tested over 500 evaluation episodes. Table 3 reports the average performance of different algorithms under high-density traffic conditions. Under the high-density traffic setting, HA-IDRL achieves the highest return (21.98), the highest success rate (0.993), and the lowest absolute safety penalty (−0.015). In addition, HA-IDRL performs competitively in average speed, comfort, and fuel consumption. Compared with Dueling DQN, HA-IDRL demonstrates comparable performance across all evaluation metrics, indicating that the introduction of KAN enhances interpretability without degrading decision-making performance.



Under medium-density traffic conditions in Figure 4, the evaluation results exhibit trends similar to those observed in low-density scenarios. Value-based methods generally achieve higher returns and average speeds, indicating their effectiveness in balancing efficiency and safety under moderate traffic complexity. Notably, SAC also converges to a relatively high return and achieves the highest average speed among the methods compared. However, this increased speed is accompanied by substantially higher energy consumption, reflecting a more aggressive driving strategy. In contrast, PPO maintains a conservative behavior profile, characterized by a lower average speed and a lower return.



During the evaluation stage under low-density traffic conditions (Table 4), HA-IDRL maintains strong decision-making performance and achieves the best results among the compared methods in terms of return (40.93), success rate (0.995), and safety penalty (−0.001).



As shown in Figure 5 and Table 5, under medium-density traffic conditions, the proposed HA-IDRL achieves the highest return (29.69) and success rate (0.992) among the compared methods. Meanwhile, it maintains competitive safety and efficiency performance, demonstrating a strong decision-making capability in this traffic setting.



Overall, across low-, medium-, and high-density traffic conditions, the proposed HA-IDRL framework consistently demonstrates strong and competitive decision-making performance. It achieves high return and success rates while maintaining balanced safety and efficiency metrics. These results indicate that enhancing interpretability through the proposed structural and hybrid attribution mechanisms does not compromise driving performance but instead preserves robust, reliable decision-making under varying traffic conditions.





4. Interpretability Analysis


4.1. Local Explanation Analysis


For qualitative analysis, two representative driving scenarios are randomly selected, and the decision-making behavior of the DRL agent is interpreted using LRP, Gradient, and HGL methods, as shown in Figure 6 and Figure 7. In the attribution heatmaps, the six rows correspond to the agent’s observation state. Specifically, the first row represents the ego vehicle state, while the second to sixth rows represent the states of surrounding vehicles. Each vehicle is described by six state features.



In the LRP heatmaps, red indicates features that make positive contributions to the current decision, blue denotes negative contributions, and white indicates negligible contributions near zero. These relevance values characterize the degree to which individual features support or oppose the current decision from a responsibility-allocation perspective. In contrast, the gradient-based saliency maps reflect the local sensitivity of the model output to input perturbations. In this case, red denotes positive gradients, indicating that increasing the feature value increases the predicted action advantage, whereas blue denotes negative gradients, indicating the opposite effect. In the HGL results, pink-colored features are highly relevant to the current decision, reflecting feature importance jointly inferred from local sensitivity (gradient-based attribution) and global contribution (LRP-based attribution). To facilitate object-level comparison of the overall influence of different vehicles, a vehicle-level importance bar is displayed on the right side of each heatmap. The vehicle-level importance is defined as the proportion of the sum of absolute attribution values across all features associated with that vehicle.



In Scenario 1 (Figure 6), the ego vehicle selects a2 (keep lane), and we analyze the predicted Q-value for action a0 (lane change left).



From the LRP heatmap, the longitudinal distance (  Δ  x 3   ) to the left-front vehicle (   S 3   ) and the distance (  Δ  x 4   ) to the right-rear vehicle (   S 4   ) show the strongest positive and negative contributions, respectively, indicating their critical supporting and opposing roles in the left lane-change decision. This is consistent with intuitive expectations: A large left-front distance (  Δ  x 3   ) implies sufficient space that encourages a left lane change, whereas a large right-rear distance (  Δ  x 4   ) favors a right lane change and thus suppresses the left lane-change option. For sufficiently distant vehicles, distance-related contributions become saturated. In contrast, gradient-based attribution exhibits significantly reduced sensitivity to these features (  Δ  x 3    and   Δ  x 4   ). Since small perturbations in saturated distance features produce negligible changes in the model output, their corresponding gradient magnitudes remain low.



Gradient-based attribution focuses on the right-front (   S 2   ) and left-rear (   S 5   ) vehicles, whose distances (  Δ  x 2    and   Δ  x 5   ) lie in the decision-sensitive region and thus exhibit large gradient magnitudes. From a driving perspective, a short left-rear distance (  Δ  x 5   ) directly affects the feasibility of a left lane change, as insufficient rear spacing increases collision risk. Similarly, the right-front distance (  Δ  x 2   ) influences the attractiveness of a right lane change option, which may compete with the left lane-change decision. Notably, these two sensitive features (  Δ  x 2    and   Δ  x 5   ) are not prominently highlighted in the LRP heatmap. In the present scenario, although the right-front and left-rear distances strongly influence the decision through local perturbations, their accumulated relevance remains limited, and thus they receive relatively low LRP attribution.



By integrating gradient-based sensitivity with LRP-based contribution, the proposed HGL method captures both saturated yet decisive features (  Δ  x 3    and   Δ  x 4   ) and highly sensitive features (  Δ  x 2    and   Δ  x 5   ), thereby providing more comprehensive explanations and better alignment with human driving semantics.



In Scenario 2 (Figure 7), the ego vehicle selects a1 (lane change right), and we analyze the predicted Q-value for action a1 (lane change right).



Similar to Scenario 1, LRP highlights features with strong cumulative contributions, such as the longitudinal distance (  Δ  x 2   ) to the right-front vehicle (   S 2   ), reflecting responsibility-based decision support. Gradient attribution emphasizes features (  Δ  x 3   ) near decision boundaries, capturing local sensitivity to potential state changes. In contrast, HGL effectively integrates both perspectives. It simultaneously attends to decisive contributors and sensitive boundary feature (  Δ  x 2    and   Δ  x 3   ). As a result, HGL produces explanations that are more stable, focused, and semantically consistent with human driving intuition.



To further investigate the relationship between feature values and attribution importance, a counterfactual analysis is conducted based on Scenario 2 by systematically varying the value of   Δ  x 2   . Attribution results are obtained using Gradient, LRP, and HGL, as illustrated in Figure 8.



The gradient-based results indicate that when   Δ  x 2    lies in the range of 0–0.2, the corresponding gradient magnitude is relatively large, reflecting the model’s high sensitivity to this feature. This behavior arises because the distance is small in this region, and minor perturbations can significantly influence the decision outcome. When   Δ  x 2    exceeds 0.2, the contribution of   Δ  x 2    gradually enters a saturation regime, and further variations have little effect on the model output, resulting in reduced gradient magnitude.



From the LRP perspective, when   Δ  x 2    falls within 0–0.05, the distance is excessively small and thus produces a strong negative contribution to the decision. Conversely, when   Δ  x 2    exceeds 0.2, LRP assigns a large positive relevance score, indicating that a sufficiently large right-front distance provides ample lane-change space and encourages a right lane change. In the intermediate interval of 0.05–0.2, however, LRP assigns only limited relevance, as the feature operates near the decision boundary where cumulative contribution is not yet dominant. Despite this,   Δ  x 2    remains highly influential in this region, and its importance cannot be effectively captured by LRP alone.



By jointly considering gradient-based local sensitivity and LRP-based global contribution, the proposed HGL method overcomes the limitations of individual attribution approaches. Across the entire range of the feature values (  Δ  x 2   ), HGL produces more comprehensive and stable attribution results, successfully identifying important features in both sensitivity-dominant regions near the decision boundary and contribution-dominant saturation regimes.



A comparison of Scenarios 1 and 2 further illustrates the reliability of the interpretation results under different driving situations. Although the surrounding traffic environments and driving decisions differ between the two scenarios, the attribution patterns consistently highlight the key vehicles influencing the decision-making process. In Scenario 1, the agent chooses to maintain its lane, and the interpretation mainly emphasizes the influence of nearby vehicles that constrain the ego vehicle’s motion. In contrast, Scenario 2 corresponds to a lane-changing decision, where the attribution results focus on vehicles in the adjacent lane that affect the safety and feasibility of the maneuver. Moreover, the two scenarios respectively reflect situations where potential risks originate from vehicles on the right and left sides, and the attribution results correctly assign higher importance to the corresponding vehicles. These results indicate that the proposed HGL attribution mechanism can consistently identify critical driving features across different traffic configurations and decision types, producing explanations that remain reasonable and semantically consistent with human driving intuition.



It is worth noting that the interpretability mechanisms employed in this study introduce minimal computational overhead. Both gradient-based attribution and LRP are implemented through a single backward pass, and the proposed HGL method reuses these computations without requiring additional iterative optimization. As a result, explanation generation can be performed efficiently based on the current decision state, making the approach suitable for real-time analysis in practical autonomous driving scenarios.




4.2. Global Explanation Analysis


To obtain a global-level interpretation of the decision-making behavior, a total of 4000 samples are randomly selected for analysis. For each sample, different attribution methods are applied to interpret the model’s decisions, and feature importance is subsequently aggregated. Specifically, the absolute attribution values of each feature are averaged over all actions to quantify its overall importance. The resulting global feature importance distributions are shown in Figure 9.



From the global explanation results, both LRP and gradient-based attribution exhibit a certain degree of consistency in identifying key features. In particular, both methods recognize the longitudinal distances (  Δ  x 2    and   Δ  x 3   ) to the right-front (   S 2   ) and left-front (   S 3   ) vehicles as critical factors influencing lane-change decisions. However, notable differences remain in how different types of features are emphasized and interpreted, which can be attributed to the distinct attribution mechanisms underlying each method.



As shown in Figure 9a, the relevance-based LRP method assigns high importance not only to continuous state features but also to vehicle existence indicators (Pr). This behavior can be explained by the relevance conservation principle of LRP: the model output is treated as the total amount of decision responsibility, which is redistributed based on the cumulative contribution of each feature. Consequently, even discrete or bounded features may receive substantial relevance if they play a triggering or constraining role in the decision-making process.



In contrast, gradient-based attribution focuses on local first-order sensitivity, characterizing the instantaneous response of the model output to input perturbations, as illustrated in Figure 9b. For non-continuous features or features with limited variation ranges (e.g., vehicle existence indicators Pr), the gradients are typically close to zero and thus naturally down-weighted or ignored. On the other hand, for continuous dynamic features such as vehicle velocities, gradient attribution more accurately reflects the direction and magnitude of feature influence on the decision output. As a result, stronger sensitivity responses are observed for the velocities of surrounding vehicles (vx), whereas LRP exhibits relatively unstable relevance allocation for these features.



By integrating these complementary attribution signals at the feature level, the proposed HGL method preserves both the common feature (  Δ  x 2    and   Δ  x 3   ) focus shared by different attribution methods and their respective strengths. Specifically, it maintains reliable interpretability for discrete features (Pr) while retaining sensitivity-consistent explanations for continuous dynamic features (vx). As a result, HGL achieves more stable and semantically aligned global interpretability outcomes.




4.3. Summary of Experimental Results


In summary, the experimental results demonstrate that HA-IDRL achieves competitive decision-making performance while significantly improving interpretability. Across different traffic density conditions, the proposed method consistently attains performance comparable to representative DRL baselines, indicating that enhanced interpretability does not compromise decision quality.



From the perspective of local explanation analysis, gradient-based attribution mainly captures feature sensitivity and emphasizes dynamic variables that strongly influence the model output, while LRP focuses on contribution propagation and highlights features that make strong positive or negative contributions to the decision outcome. By integrating these complementary characteristics, the proposed HGL attribution mechanism captures a broader set of critical driving features and provides more comprehensive explanations that better align with human driving semantics.



The counterfactual attribution analysis further supports these observations. When analyzing the same key feature under different perturbation conditions, LRP tends to dominate in contribution-saturated regions where the feature strongly determines the decision outcome, whereas gradient-based attribution becomes more sensitive in intermediate regions where small feature variations significantly influence the model output. Consequently, the HGL mechanism produces more stable attribution results under different counterfactual perturbations, indicating stronger robustness of the generated explanations.



From the perspective of global explanation analysis, the results further reveal complementary characteristics between the two attribution methods. LRP tends to highlight features that make significant positive or negative contributions to the decision outcome, including discrete or bounded variables, such as vehicle existence indicators. In contrast, gradient-based attribution is more sensitive to continuous dynamic variables, such as vehicle speed, and more accurately reflects how small variations in these features influence the model output. By integrating these complementary properties, the HGL mechanism produces more comprehensive and semantically consistent explanations across different driving scenarios.





5. Conclusions


This paper addresses the critical challenge of interpretability in DRL-based autonomous driving behavior decision-making. While existing DRL approaches have demonstrated strong decision performance, their opaque internal mechanisms limit trustworthiness, safety validation, and practical deployment in safety-critical driving scenarios.



To bridge this gap, we proposed an HA-IDRL framework. The framework enhances interpretability at multiple levels without compromising decision performance. At the structural level, KAN is integrated into the Dueling DQN architecture to provide explicit nonlinear functional representations that are inherently aligned with attribution propagation. At the feature level, a novel HGL attribution method is introduced to jointly model local sensitivity and global contribution, thereby providing more comprehensive and human-intuitive explanations across both sensitive and saturated decision regions.



Extensive experiments on a highway lane-changing task using the highway-env simulator demonstrate that HA-IDRL achieves decision-making performance comparable to representative DRL baselines, including Dueling DQN and SAC. More importantly, the proposed method significantly improves the stability and semantic consistency of explanations in both local and global analyses. Compared with single-method attribution approaches, HGL integrates complementary attribution mechanisms, resulting in more comprehensive and stable explanations that better align with human driving intuition and decision semantics. In addition, the attribution process requires only a single backward propagation step, introducing minimal computational overhead and enabling efficient, real-time explanation generation.



Overall, this work demonstrates that high-performance autonomous driving decision-making and rigorous interpretability are not mutually exclusive. By integrating structural interpretability and hybrid attribution mechanisms, HA-IDRL provides a practical, scalable pathway to trustworthy DRL-based driving policies, facilitating transparent decision analysis and safer system validation.



The main contributions of this work can be summarized as follows. First, we extend gradient-based sensitivity analysis to the KAN-based value function and integrate it with LRP-based contribution allocation to develop a hybrid attribution mechanism that provides computationally efficient and semantically consistent explanations for DRL decision-making. Second, we introduce Kolmogorov–Arnold Networks (KANs) into the Dueling DQN framework to enhance structural interpretability and improve the consistency of attribution propagation. Finally, we validate the proposed HA-IDRL framework on a highway lane-changing task, demonstrating that it achieves competitive driving performance while significantly improving interpretability quality.



Future work will focus on extending the proposed interpretability framework from single-step decision explanations to temporal, multi-step decision processes, enabling analysis of how feature contributions evolve over time. In addition, incorporating interpretability outputs into safety assessment, policy verification, and human–machine interaction represents a promising direction for deploying interpretable reinforcement learning in real-world autonomous driving systems.
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	Deep Q-Network
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Figure 1. Interpretable deep reinforcement learning framework. 
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Figure 2. Illustration of feature contributions. (a) Schematic relationship between a continuous state feature (e.g., the longitudinal distance to the front-right vehicle) and a decision output (e.g., right lane change). (b) Schematic comparison of gradient attribution and LRP for the same decision objective. 
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Figure 3. Training Performance under High-Density Traffic Conditions. Different colored curves represent the mean training performance of different algorithms, and the shaded regions indicate the standard deviation. Subfigure (a) shows the reward over training episodes, (b) shows the average speed over training episodes, (c) shows the safety penalty over training episodes, and (d) shows the energy consumption penalty over training episodes. 
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Figure 4. Training Performance under Low-Density Traffic Conditions. Different colored curves represent the mean training performance of different algorithms, and the shaded regions indicate the standard deviation. Subfigure (a) shows the reward over training episodes, (b) shows the average speed over training episodes, (c) shows the safety penalty over training episodes, and (d) shows the energy consumption penalty over training episodes. 
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Figure 5. Training Performance under Medium-Density Traffic Conditions. Different colored curves represent the mean training performance of different algorithms, and the shaded regions indicate the standard deviation. Subfigure (a) shows the reward over training episodes, (b) shows the average speed over training episodes, (c) shows the safety penalty over training episodes, and (d) shows the energy consumption penalty over training episodes. 
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Figure 6. Comparative attribution visualization in Scenario 1. The attribution results produced by LRP, Gradient, and HGL are presented for comparison. The red and blue ellipses and arrows highlight the consistent salient regions identified by different explanation methods. 
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Figure 7. Comparative attribution visualization in Scenario 2. The attribution results produced by LRP, Gradient, and HGL are presented for comparison. The red and blue ellipses and arrows highlight the consistent salient regions identified by different explanation methods. 
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Figure 8. Counterfactual Attribution. 
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Figure 9. Comparison of global attribution explanations generated by different methods. (a) LRP-based global attribution explanation. (b) Gradient-based global attribution explanation. (c) HGL-based global attribution explanation. 
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Table 1. Comparison of interpretation methods based on different networks.    h i   l      denotes the hidden representation of neuron i at layer l; wij represents the connection weight between neurons   i   and   j  ;   σ ( ⋅ )   denotes the activation function in MLP;    ϕ    i j   ( ⋅ )   denotes the learnable univariate function used in KAN; and    R i   l      represents the relevance score propagated in LRP.






Table 1. Comparison of interpretation methods based on different networks.    h i   l      denotes the hidden representation of neuron i at layer l; wij represents the connection weight between neurons   i   and   j  ;   σ ( ⋅ )   denotes the activation function in MLP;    ϕ    i j   ( ⋅ )   denotes the learnable univariate function used in KAN; and    R i   l      represents the relevance score propagated in LRP.





	Model
	MLP
	KAN





	Recurrence Formula
	    h j    l + 1     = σ (   ∑ j    w  i j    h i   l    +  w k    )   
	    h j    l + 1     =  ϕ    i j   (  h i   l    )   



	Gradient Attribution
	      ∂  h j    l + 1       ∂  h i   l       = σ ′    h j  ( l + 1 )        w  i j     
	      ∂  h j    l + 1       ∂  h i   l       =    ϕ      i j    l      ′    h i  ( l )       



	LRP
	    R i  ( l )   =   ∑ j      h i   l     w  i j       ∑  0 , i     h i   l     w  i j        R j  ( l + 1 )       
	    R i  ( l )   =   ∑ j      ϕ    i j      h i   l          ∑  0 , i     ϕ    i j      h i   l           R j  ( l + 1 )       



	Multi Layer Framework
	[image: Applsci 16 03096 i001]
	[image: Applsci 16 03096 i002]










 





Table 2. Hyperparameters used in the experiments.






Table 2. Hyperparameters used in the experiments.





	Parameter
	Value





	Discount Factor
	0.8



	Learning Rate
	0.0003



	Batch Size
	256



	MLP Hidden Units
	256



	Soft Update Rate
	0.005



	Training Update Capacity
	0.005



	Replay Buffer Capacity
	106



	Grid size (number of knots)
	5



	Spline Order
	3



	KAN Layer Width
	11










 





Table 3. Evaluation Results under High-Density Traffic Conditions.
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	Parameter
	Return
	Success Rate
	Avg Speed
	Safety
	Comfort
	Fuel





	PPO
	20.88 ± 0.09
	0.95 ± 0.01
	20.08 ± 0.03
	−0.05 ± 0.03
	−0.06 ± 0.004
	−0.07 ± 0.007



	SAC
	19.21 ± 0.02
	0.94 ± 0.02
	21.13 ± 0.08
	−0.71 ± 0.09
	−2.44 ± 0.07
	−0.75 ± 0.04



	DDQN
	21.49 ± 1.08
	0.993 ± 0.006
	20.62 ± 0.08
	−0.04 ± 0.04
	−0.40 ± 0.10
	−0.13 ± 0.07



	Dueling DQN
	21.51 ± 0.12
	0.991 ± 0.005
	20.42 ± 0.03
	−0.03 ± 0.01
	−0.30 ± 0.02
	−0.12 ± 0.01



	HA-IDRL (Ours)
	21.98 ± 0.20
	0.993 ± 0.005
	20.44 ± 0.015
	−0.015 ± 0.01
	−0.28 ± 0.02
	−0.17 ± 0.018










 





Table 4. Evaluation Results under Low-Density Traffic Conditions.
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	Parameter
	Return
	Success Rate
	Avg Speed
	Safety
	Comfort
	Fuel





	PPO
	29.80 ± 0.66
	0.990 ± 0.01
	23.82 ± 0.07
	−0.03 ± 0.03
	−0.13 ± 0.01
	−0.10 ± 0.04



	SAC
	37.99 ± 1.02
	0.95 ± 0.03
	28.26 ± 0.06
	−0.07 ± 0.04
	−2.58 ± 0.07
	−0.69 ± 0.04



	DDQN
	37.22 ± 0.32
	0.993 ± 0.01
	26.49 ± 0.15
	−0.002 ± 0.004
	−0.40 ± 0.01
	−0.15 ± 0.01



	Dueling DQN
	40.42 ± 0.27
	0.98 ± 0.02
	28.08 ± 0.15
	−0.02 ± 0.01
	−0.55 ± 0.02
	−0.17 ± 0.02



	HA-IDRL (Ours)
	40.93 ± 0.59
	0.995 ± 0.01
	27.79 ± 0.09
	−0.001 ± 0.002
	−0.59 ± 0.03
	−0.18 ± 0.01










 





Table 5. Evaluation Results under Medium-Density Traffic Conditions.
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	Parameter
	Return
	Success Rate
	Avg Speed
	Safety
	Comfort
	Fuel





	PPO
	26.14 ± 0.20
	0.98 ± 0.01
	22.16 ± 0.05
	−0.02 ± 0.01
	−0.08 ± 0.003
	−0.07 ± 0.01



	SAC
	28.50 ± 0.20
	0.95 ± 0.03
	24.73 ± 0.06
	−0.22 ± 0.02
	−2.55 ± 0.02
	−0.92 ± 0.02



	DDQN
	28.36 ± 0.49
	0.98 ± 0.02
	23.04 ± 0.21
	−0.02 ± 0.03
	−0.03 ± 0.06
	−0.14 ± 0.02



	Dueling DQN
	29.15 ± 0.08
	0.990 ± 0.01
	23.77 ± 0.07
	−0.01 ± 0.01
	−0.56 ± 0.02
	−0.23 ± 0.01



	HA-IDRL (Ours)
	29.69 ± 0.30
	0.992 ± 0.01
	23.55 ± 0.06
	−0.02 ± 0.01
	−0.49 ± 0.02
	−0.22 ± 0.01
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