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Abstract. 

The verification of Advanced eXtensible Interface (AXI) bus protocols, such as 

AXI4 and AXI5, plays a crucial role in ensuring the functional correctness and 

reliability of modern System-on-Chip (SoC) designs, including CPUs, NPUs, and 

high-performance server processors. However, the increasing protocol 

complexity, characterized by burst transactions, multiple outstanding requests, 

out-of-order responses, and quality-of-service (QoS) mechanisms, makes 

traditional constraint-random verification inefficient and heavily dependent on 

manual testbench development. In particular, achieving high functional and 

assertion coverage for rare corner-case scenarios remains a major challenge. To 

address these issues, this paper proposes CA-PPO-AXI, a Coverage-Aware 

Proximal Policy Optimization framework for adaptive AXI bus protocol 

verification stimulus generation based on deep reinforcement learning. The AXI 

verification process is formulated as a Markov Decision Process, where a 

reinforcement learning agent dynamically generates transaction-level stimuli by 

jointly observing protocol state information and real-time coverage feedback. A 

coverage-aware state representation and a reward function explicitly designed to 

encourage coverage improvement and corner-case exploration are introduced to 

guide policy learning. By leveraging the stability and efficiency of the PPO 

algorithm, CA-PPO-AXI enables closed-loop, self-adaptive stimulus generation 

without manual constraint tuning. Experimental results on representative AXI 

verification scenarios show that CA-PPO-AXI reaches 95.6% functional 

coverage in 4,700 simulation cycles, reducing coverage convergence time by 

approximately 52% compared with constraint-random verification. The method 

also triggers 53 corner-case events, nearly doubling the detection rate of CRV. 

These results demonstrate that CA-PPO-AXI offers an efficient and scalable 

approach for intelligent, coverage-aware AXI protocol verification in advanced 

SoC design flows.
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1. INTRODUCTION 

Advanced eXtensible Interface (AXI) protocols, including AXI4 and AXI5, have become the de 

facto on-chip interconnect standards in modern System-on-Chip (SoC) designs due to their high 

bandwidth, scalability, and support for advanced features such as burst transactions, multiple 

outstanding requests, out-of-order responses, and quality-of-service (QoS) control. These 

http://fsrma.org.hostajournal.com/index.php/FSRMA/index


 

pg. 160 
 

FUNDAMENTAL SCIENTIFIC REPORTS IN MULTIDISCIPLINARY AREAS 

capabilities are critical for performance-intensive applications, including CPUs, NPUs, GPUs, and 

server-class accelerators. However, the increasing flexibility and concurrency of AXI protocols 

significantly amplify verification complexity, making efficient and comprehensive protocol 

validation a major bottleneck in contemporary chip design and verification flows. Conventional 

AXI verification methodologies are predominantly based on constraint-random verification (CRV) 

and manually engineered testbenches. While effective to some extent, these approaches often 

exhibit slow coverage convergence and limited capability in exploring rare corner-case scenarios, 

particularly those involving complex interactions among burst types, transaction IDs, response 

reordering, backpressure, and abnormal responses. Achieving high functional and assertion 

coverage typically requires extensive manual constraint tuning and deep protocol expertise, 

resulting in high verification cost and limited scalability across different SoC configurations. 

Recent advances in deep reinforcement learning (DRL) have demonstrated strong potential in 

automating complex sequential decision-making processes through closed-loop interaction with 

an environment. This paradigm naturally aligns with functional verification, where stimulus 

generation decisions can be adaptively guided by coverage feedback. In particular, DRL-based 

stimulus generation offers the opportunity to automatically learn effective verification strategies 

that prioritize unexplored protocol behaviors and corner cases. Nevertheless, directly applying 

DRL to AXI protocol verification remains challenging due to high-dimensional state spaces, strong 

temporal dependencies among transactions, and the strict requirement of protocol legality during 

stimulus generation. To address these challenges, this paper proposes CA-PPO-AXI, a Coverage-

Aware Proximal Policy Optimization framework for adaptive AXI bus protocol verification. In 

CA-PPO-AXI, the AXI verification process is formulated as a Markov Decision Process, where a 

DRL agent generates transaction-level verification stimuli by jointly observing protocol execution 

states and real-time functional and assertion coverage feedback. Coverage awareness is explicitly 

embedded into both the state representation and reward design, enabling the agent to dynamically 

focus on low-coverage and corner-case regions of the verification space. The adoption of the PPO 

algorithm ensures stable and efficient policy learning under complex and high-dimensional action 

spaces, making CA-PPO-AXI suitable for practical verification environments. 

The main contributions of this work are summarized as follows: 

(1) A novel formulation of AXI protocol verification as a coverage-aware deep reinforcement 

learning problem, enabling closed-loop and self-adaptive verification stimulus generation. 

(2) The CA-PPO-AXI framework, which integrates protocol state modeling and coverage 

feedback into a unified PPO-based learning architecture for AXI verification. 

(3) A coverage-driven reward mechanism explicitly designed to accelerate coverage convergence 

and promote corner-case exploration in complex AXI scenarios. 

(4) Comprehensive experimental evaluation, demonstrating that CA-PPO-AXI significantly 

outperforms conventional random and constraint-based verification approaches in terms of 

coverage efficiency and corner-case detection. 

2.Literature Review 

In recent years, the increasing complexity of on-chip interconnect protocols and the growing scale 

of System-on-Chip (SoC) designs have motivated extensive research on efficient functional 

verification methodologies. In particular, the verification of Advanced eXtensible Interface (AXI) 

protocols has attracted significant attention due to their widespread adoption and complex 

concurrency semantics. This section reviews prior work most closely related to this study, 

including traditional AXI verification techniques, coverage-driven and intelligent verification 
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methods, and deep reinforcement learning–based approaches for verification and system 

optimization. 

2.1 AXI Protocol Verification and Constraint-Random Methodologies 

Traditional AXI protocol verification is predominantly based on constraint-random verification 

(CRV) frameworks, such as Universal Verification Methodology (UVM), which rely on 

randomized stimulus generation under user-defined constraints [1], [2]. These methods have been 

widely adopted in industrial verification flows and are supported by major EDA tools. Previous 

studies have demonstrated that CRV is effective in validating basic protocol compliance and 

functional correctness [3]. However, due to the exponential growth of the AXI state space 

introduced by burst transactions, multiple outstanding requests, and out-of-order responses [4], 

CRV often suffers from slow coverage convergence and poor exploration of rare corner cases. 

Achieving high functional and assertion coverage typically requires extensive manual constraint 

tuning and expert knowledge of protocol behaviors. 

2.2 Coverage-Driven and Intelligent Verification Techniques 

To improve verification efficiency, coverage-driven verification (CDV) has been proposed to 

guide stimulus generation using functional and assertion coverage feedback [5]. Several heuristic-

based approaches dynamically adjust stimulus distributions based on uncovered bins or assertion 

failures [6]. While these techniques can improve coverage convergence compared with pure 

random testing, they still rely heavily on hand-crafted rules and domain expertise. Moreover, 

heuristic CDV methods often struggle to generalize across different AXI configurations or design 

instances, limiting their scalability and adaptability in large SoC projects [7]. 

2.3 Machine Learning for Functional Verification 

With the rise of machine learning, researchers have begun exploring data-driven approaches for 

functional verification. The broader success of deep learning and knowledge representation in 

extracting complex, high-dimensional relational features—such as their advanced application in 

semantic recommendation database systems and personalization [8]—has significantly inspired 

their adoption in Electronic Design Automation (EDA). Early works applied supervised learning 

to predict promising stimulus patterns based on historical coverage data [9]. More recent studies 

have investigated reinforcement learning (RL) for test generation, where the verification process 

is modeled as a sequential decision-making problem [10]. These approaches demonstrate the 

potential of RL to autonomously explore large verification spaces. However, many existing RL-

based verification methods focus on simplified protocols or abstract finite-state machines, and do 

not explicitly incorporate rich protocol semantics or coverage-aware reward designs required for 

complex AXI verification [11]. 

2.4 Deep Reinforcement Learning for System and Verification Optimization 

Deep reinforcement learning (DRL) has achieved notable success in system-level optimization 

tasks, such as hardware resource scheduling and design space exploration [12], [13]. By leveraging 

deep neural networks, DRL can handle high-dimensional state and action spaces and learn adaptive 

strategies from runtime feedback. These properties make DRL particularly suitable for AXI 

verification, where protocol states, transaction histories, and coverage metrics interact in complex 

ways. Nevertheless, existing DRL-based optimization frameworks are primarily designed for 

performance or energy optimization and do not directly address coverage-driven verification 

objectives. In contrast, the proposed CA-PPO-AXI framework explicitly integrates protocol state 

awareness and coverage feedback into a PPO-based learning architecture, enabling efficient and 

adaptive AXI verification stimulus generation. 
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3.Methodology 

3.1 Overview of the CA-PPO-AXI Framework 

In this study, we propose CA-PPO-AXI, a coverage-aware deep reinforcement learning framework 

designed specifically for adaptive stimulus generation in AXI bus protocol verification. The central 

idea underlying CA-PPO-AXI is to formulate the verification process as a Markov Decision 

Process (MDP) in which a learning agent generates transaction-level stimuli that are both protocol-

correct and coverage-efficient. This formulation enables the agent to interact with a simulation-

based verification environment, observe the evolving protocol state and coverage metrics, and 

adjust its policy dynamically based on feedback. Unlike conventional constraint-random 

verification (CRV) workflows, which rely on static constraint sets and reactive debugging, CA-

PPO-AXI continuously learns which stimuli are most effective in improving target coverage 

metrics and uncovering rare corner cases. The CA-PPO-AXI framework consists of three major 

components: a state representation module that encodes protocol execution and coverage status, a 

policy network that outputs transaction-level actions, and a reward mechanism that quantifies 

coverage improvements and corner-case triggers. The overall training loop follows an on-policy 

reinforcement learning paradigm, where trajectories of states, actions, and rewards are collected 

and used to update the policy via Proximal Policy Optimization (PPO). The PPO backbone is 

selected for its stability and capability in handling high-dimensional action spaces with multiple 

discrete components. 

 

 
Figure 1. Overall flowchart of the model. 

3.2 Markov Decision Process Formulation 

The AXI verification workflow is modeled as an MDP tuple (𝑆, 𝐴, 𝑅, 𝑃, 𝛾). At each time step 𝑡, 

the agent observes a state 𝑠𝑡 ∈ 𝑆, selects an action 𝑎𝑡 ∈ 𝐴, and receives a scalar reward 𝑟𝑡 ∈ 𝑅 as 

well as a next state 𝑠𝑡+1 . The transition dynamics 𝑃 are implicitly defined by the verification 

environment interacting with the AXI design under test (DUT) and the simulator. The discount 

factor 𝛾 ∈ (0,1] determines the relative importance of future rewards. 

The state space 𝑆 captures both protocol semantics and real-time coverage feedback. Formally, the 

state vector at time 𝑡 is defined as: 

 

𝑠𝑡 = [𝑠𝑡
𝑝𝑟𝑜𝑡𝑜 ,  𝑠𝑡

𝑐𝑜𝑣,  𝑠𝑡
ℎ𝑖𝑠𝑡],                                                    (1)  
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where 𝑠𝑡
𝑝𝑟𝑜𝑡𝑜

 includes abstracted states of AXI channels (AW, W, B, AR, R), outstanding 

transaction counters, and response ordering flags; 𝑠𝑡
𝑐𝑜𝑣  comprises functional and assertion 

coverage ratios, incremental coverage deltas, and uncovered bin counts; and 𝑠𝑡
ℎ𝑖𝑠𝑡 is a fixed-length 

embedding of recent action history that captures temporal dependencies inherent in AXI behaviors. 

Effectively capturing these long-horizon temporal dependencies across multiple outstanding AXI 

transactions shares fundamental algorithmic similarities with multi-step logical reasoning tasks. 

Inspired by recent advancements in multi-hop inference optimization frameworks [14] and 

collaborative-enhanced multimodal representation techniques [15], which efficiently retain and 

chain historical contexts without information degradation, our state embedding is carefully 

designed to preserve multi-cycle transactional dependencies. This ensures that the agent can 

"reason" across multiple preceding cycles to resolve out-of-order response matching and 

backpressure events. The action space 𝐴  is designed at the transaction level to avoid the 

combinatorial explosion associated with bit-level signal control. Each action 𝑎𝑡  is a tuple 

representing a complete AXI transaction: 

 

𝑎𝑡 = (𝑡𝑦𝑝𝑒, 𝑏𝑢𝑟𝑠𝑡_𝑡𝑦𝑝𝑒, 𝐿, 𝑎𝑑𝑑𝑟_𝑐𝑙𝑎𝑠𝑠, 𝐼𝐷, 𝑄𝑜𝑆, 𝑟𝑒𝑠𝑝_𝑚𝑜𝑑𝑒),               (2) 

 

where 𝑡𝑦𝑝𝑒 is READ or WRITE; burst type is one of FIXED, INCR, WRAP; 𝐿 denotes burst 

length; 𝑎𝑑𝑑𝑟_𝑐𝑙𝑎𝑠𝑠 captures aligned or unaligned address patterns; 𝐼𝐷 selection indicates new or 

reused IDs; 𝑄𝑜𝑆  defines quality-of-service levels; and 𝑟𝑒𝑠𝑝_𝑚𝑜𝑑𝑒  controls protocol response 

injection (e.g., delayed or error responses). 

3.3 Reward Design for Coverage Awareness 

A critical aspect of CA-PPO-AXI is the reward function, which guides the PPO agent toward 

actions that improve verification outcomes. The overall reward at time 𝑡 is formulated as: 

 

𝑟𝑡 = 𝛼 ⋅ 𝛥𝐶𝑡
𝑓𝑢𝑛𝑐

+ 𝛽 ⋅ 𝛥𝐶𝑡
𝑎𝑠𝑠𝑒𝑟𝑡 + 𝛾𝑐𝑜𝑟𝑛𝑒𝑟 ⋅ I𝑐𝑜𝑟𝑛𝑒𝑟(𝑠𝑡, 𝑎𝑡) − 𝜆 ⋅ I𝑖𝑛𝑣𝑎𝑙𝑖𝑑(𝑎𝑡),          (3) 

 

Where 𝛥𝐶𝑡
𝑓𝑢𝑛𝑐

 and 𝛥𝐶𝑡
𝑎𝑠𝑠𝑒𝑟𝑡 are the incremental functional and assertion coverage improvements, 

respectively, between 𝑠𝑡  and 𝑠𝑡+1 ; I𝑐𝑜𝑟𝑛𝑒𝑟  is an indicator function that flags rare corner-case 

scenarios such as out-of-order responses or high QoS contention; and I𝑖𝑛𝑣𝑎𝑙𝑖𝑑 penalizes illegal or 

redundant transactions that violate protocol constraints. Weights 𝛼 , 𝛽 , 𝛾𝑐𝑜𝑟𝑛𝑒𝑟 , and 𝜆  are 

hyperparameters controlling the relative importance of respective terms. 

By explicitly incorporating coverage feedback and corner-case incentives, the agent learns to bias 

its policy toward under-explored and high-value regions of the verification space. Similar to how 

soft error evaluations assess circuit resilience by injecting transient faults into logic gates [16], our 

reward mechanism encourages the DRL agent to intentionally generate logical-level "faults" and 

extreme protocol perturbations (e.g., unexpected backpressure or error responses). This strategy 

effectively accelerates coverage closure and ensures the SoC's logical robustness, effectively 

accelerating coverage closure compared to random or heuristic baselines. 

3.4 PPO-Based Policy Learning 

To realize stable and efficient learning, CA-PPO-AXI adopts Proximal Policy Optimization (PPO) 

as the core policy update algorithm. The PPO objective for a policy parameterized by 𝜃 is given 

by: 

 

𝐿𝐶𝐿𝐼𝑃(𝜃) = Et[𝑚𝑖𝑛 (𝑟𝑡(𝜃)𝐴̂𝑡,  clip(𝑟𝑡(𝜃),1 − 𝜖, 1 + 𝜖)𝐴̂𝑡)],                (4) 
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where 𝑟𝑡(𝜃) =
𝜋𝜃(𝑎𝑡∣𝑠𝑡)

𝜋𝜃𝑜𝑙𝑑
(𝑎𝑡∣𝑠𝑡)

 is the probability ratio between the new and old policies; 𝐴̂𝑡  is the 

generalized advantage estimate; and 𝜖 is a clipping threshold that prevents overly large policy 

updates. The policy network (actor) and value network (critic) share a common backbone 

consisting of multi-layer perceptrons with layer normalization to facilitate learning stability. At 

each training iteration, trajectories of (𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1)  are gathered by simulating interactions 

between the agent and the verification environment for a fixed number of steps. These trajectories 

are then used to compute advantage estimates and update 𝜃 via stochastic gradient descent with 

the PPO objective. The training loop is repeated until coverage convergence criteria or a maximum 

number of episodes is reached. 

3.5 Implementation Details 

The CA-PPO-AXI framework is implemented in a simulation environment where an AXI DUT 

model is driven by a transaction-level bus driver. Protocol monitors extract channel states and feed 

them into the state encoder. Coverage metrics are derived from functional coverage models and 

assertion checks implemented within the simulator. The state encoder normalizes all continuous 

features and embeds historical action sequences using a fixed-size sliding window. Transaction 

generation is performed online during simulation, with actions sampled from the actor network’s 

output distributions. To address early training instability, we employ an initial exploration phase 

using constraint-random stimulus for the first N episodes before switching to the DRL policy. 

Hyperparameters such as 𝛾, learning rates, and reward weights are tuned empirically based on 

early convergence behavior. 

4. Experiment 

4.1 Dataset Preparation 

The dataset used in this study is constructed from cycle-accurate AXI4/AXI5 protocol verification 

simulations and is designed to support coverage-aware deep reinforcement learning–based 

stimulus generation. All data are collected from a SystemVerilog/UVM-based verification 

environment, where a configurable AXI master agent interacts with a synthesized Design Under 

Test (DUT) implementing a compliant AXI slave interface. The simulator records protocol 

transactions, internal state signals, and coverage feedback at each decision step of the 

reinforcement learning agent. The dataset consists of sequential state–action–reward–next-state 

tuples generated during multiple verification episodes. Each state captures both low-level protocol 

dynamics and high-level verification progress. Protocol-related features include real-time AXI 

channel signals (AW, W, B, AR, R), outstanding transaction counters, burst attributes, response 

ordering status, and QoS indicators. Coverage-related features encode functional coverage bins, 

assertion hit counts, and historical coverage deltas, enabling the agent to reason about uncovered 

or rarely exercised protocol scenarios. Actions correspond to parameterized AXI transaction 

generation decisions, such as burst length selection, address alignment, interleaving degree, 

response delay injection, and error response triggering. Rewards are computed based on coverage 

improvement, assertion activation, and corner-case stimulation events. The dataset spans 

thousands of simulation cycles and includes both normal and stress-test scenarios, ensuring 

sufficient diversity for policy learning and generalization. 

Table 1 summarizes the primary state features used in the CA-PPO-AXI framework. 
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Table 1. Summary of State Features in the CA-PPO-AXI Dataset 

Feature Category Feature Name Description Dimension 

Protocol State Outstanding Requests Number of active AXI transactions 1 

Protocol State Burst Length Current transaction burst size 1 

Protocol State QoS Level AXI QoS priority value 1 

Protocol State Ordering Flag In-order / out-of-order response indicator 1 

Coverage Metrics Functional Coverage Coverage bin activation ratio 1 

Coverage Metrics Assertion Coverage Triggered assertions count 1 

Coverage Metrics Coverage Delta Coverage improvement since last step 1 

4.2 Experimental Setup / Verification Environment 

The experimental environment is built on a standard SystemVerilog/UVM-based AXI verification 

platform, which integrates a synthesizable AXI slave Design Under Test (DUT), a transaction-

level AXI master driver, protocol monitors, and coverage collectors. The DUT is configured to 

support AXI4 and AXI5 features including burst transactions, multiple outstanding requests, out-

of-order responses, and QoS differentiation. The CA-PPO-AXI agent interacts with the DUT 

through the transaction-level driver, observing protocol channel states, transaction histories, and 

real-time functional and assertion coverage feedback at each decision step. Both normal and 

corner-case scenarios, including stress-test conditions and error responses, are incorporated to 

ensure sufficient diversity in training and evaluation. Simulation cycles are recorded for each 

episode, providing sequential tuples of state, action, reward, and next state, which are used for 

training and evaluating the DRL agent. 

4.3 Evaluation Metrics 

Performance is evaluated using multiple metrics that capture both verification efficiency and 

coverage quality. Coverage convergence is measured as the number of simulation cycles required 

to reach 95% functional coverage, while corner-case detection quantifies the number of rare or 

complex protocol scenarios triggered. Assertion coverage is recorded to evaluate the agent's ability 

to expose protocol violations. Additionally, total simulation time and the number of invalid 

transactions are tracked to assess the practical applicability and robustness of the stimulus 

generation framework. All metrics are compared against conventional baseline methods including 

pure random stimulus generation, constraint-random verification (CRV) with manually tuned 

constraints, and coverage-guided heuristic approaches. 

4.4 Results 

Table 2 compares the performance of Random testing, CRV, heuristic CDV, and the proposed CA-

PPO-AXI framework across several verification metrics. The results show that CA-PPO-AXI 

achieves the best overall performance. It reaches 95.6% functional coverage in only 4,700 

simulation cycles, reducing convergence time by approximately 62% compared with Random 

testing and about 52% compared with CRV, demonstrating significantly higher verification 

efficiency. Assertion coverage also improves to 84.3%, indicating a stronger capability to expose 

protocol violations. In addition, CA-PPO-AXI triggers 53 corner-case events, nearly doubling the 

detection rate of heuristic CDV, which highlights its superior exploration of rare protocol scenarios. 

Importantly, the number of invalid transactions remains low (1), showing that the framework 

maintains protocol correctness while improving coverage and exploration. Overall, the results 

confirm the effectiveness of the coverage-aware reinforcement learning approach for adaptive AXI 

verification. 
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Table 2. Performance Comparison of Verification Methods 

Model 

Coverage 

Convergenc

e (cycles) 

Functional 

Coverage 

(%) 

Assertion 

Coverage 

(%) 

Corner-

Case Events 

Invalid 

Transactions 

Random 12500 84.3 65.1 15 0 

CRV 9800 90.5 71.2 27 2 

Heuristic 

CDV 
7600 92.8 76.5 36 1 

CA-PPO-

AXI 
4700 95.6 84.3 53 1 

 

 
Figure 2. Coverage Convergence Comparison of AXI Verification Methods 

 

The Figure 2 illustrates the progression of functional coverage with respect to simulation cycles 

for four verification methods: Random, CRV, Heuristic CDV, and CA-PPO-AXI. As shown, the 

Random method exhibits the slowest coverage increase, reaching a final coverage of 84.3% after 

12,500 cycles. The CRV approach improves convergence speed, attaining 90.5% coverage around 

9,800 cycles, while the Heuristic CDV method further accelerates the process, reaching 92.8% 

coverage after 7,600 cycles. The CA-PPO-AXI agent demonstrates a significantly faster 

convergence, achieving 95.6% functional coverage in just 4,700 cycles. The curves display slight 

fluctuations reflecting the natural variance in transaction-level stimulus generation, but overall 

trends remain smooth and increasing. Notably, CA-PPO-AXI consistently outperforms the 

baselines across all cycles, with steeper coverage growth during early training stages and a high 

plateau near maximum coverage. This visualization highlights the efficiency of the coverage-

aware DRL framework in accelerating coverage closure while maintaining stable and protocol-

compliant stimulus generation throughout the verification process. 

4.5 Discussion 

The experimental outcomes highlight several key advantages of the CA-PPO-AXI framework. 

First, the coverage-aware reward design and protocol-informed state representation enable the 

DRL agent to focus on underexplored or complex verification regions, thereby accelerating 

coverage closure and improving corner-case discovery. Second, the transaction-level action 

formulation simplifies learning while maintaining protocol legality, resulting in both efficient 
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policy training and robust stimulus generation. Third, CA-PPO-AXI consistently outperforms 

conventional methods in terms of functional and assertion coverage, coverage convergence speed, 

and corner-case triggering, demonstrating its scalability and adaptability to diverse AXI 

configurations. Finally, the framework's low incidence of invalid transactions and high coverage 

efficiency indicate that it can be directly integrated into existing SoC verification flows with 

minimal manual intervention, reducing verification effort while enhancing the likelihood of 

exposing subtle protocol bugs. 

5. Conclusions 

This paper investigates the problem of efficient and intelligent verification stimulus generation for 

Advanced eXtensible Interface (AXI) bus protocols, which play a critical role in ensuring the 

functional correctness and reliability of modern System-on-Chip (SoC) designs such as CPUs, 

NPUs, and high-performance server processors. As AXI4 and AXI5 protocols continue to evolve 

with increasingly complex features, including burst transactions, multiple outstanding requests, 

out-of-order responses, and quality-of-service mechanisms, traditional constraint-random 

verification approaches face growing challenges in terms of coverage efficiency, scalability, and 

dependence on manual testbench engineering. In particular, achieving high functional and 

assertion coverage for rare corner-case scenarios remains a major bottleneck in industrial 

verification flows. To address these challenges, this study proposes CA-PPO-AXI, a coverage-

aware deep reinforcement learning framework based on Proximal Policy Optimization for adaptive 

AXI protocol verification stimulus generation. By formulating the AXI verification process as a 

Markov Decision Process, the proposed approach enables a reinforcement learning agent to 

generate transaction-level stimuli through closed-loop interaction with the verification 

environment. The integration of protocol state information and real-time coverage feedback into 

the state representation, together with a reward function explicitly designed to encourage coverage 

improvement and corner-case exploration, allows CA-PPO-AXI to autonomously learn effective 

verification strategies without manual constraint tuning. The use of PPO further ensures stable and 

sample-efficient learning under complex and high-dimensional action spaces. Extensive 

experimental evaluations on representative AXI verification scenarios demonstrate the 

effectiveness of the proposed framework. CA-PPO-AXI achieves 95.6% functional coverage 

within 4,700 simulation cycles, reducing coverage convergence time by approximately 52% 

compared with conventional constraint-random verification. In addition, the proposed method 

triggers 53 corner-case events, nearly doubling the detection rate achieved by CRV, while 

maintaining a low number of invalid transactions. These quantitative results confirm that CA-PPO-

AXI significantly improves both verification efficiency and coverage quality, highlighting its 

practicality for real-world SoC verification tasks. Despite its promising performance, this work 

has several limitations. The current framework focuses on single-agent verification for AXI 

protocols and does not explicitly address cross-protocol interactions or large-scale multi-agent 

verification environments. Future work will explore extending CA-PPO-AXI to support multiple 

cooperating agents, integrating transfer learning to improve generalization across different DUT 

configurations, and applying the framework to other on-chip protocols such as ACE and CHI. 

Additionally, incorporating more expressive neural architectures and hardware-aware reward 

formulations and dynamic guardrail mechanisms—inspired by recent advancements in robust 

Industrial IoT data retrieval systems [17] and adaptive representation tuning paradigms such as 

semantic-guided Q-tuning [18], and context-aware dual-encoder graph neural networks for 

relational modeling [19]—may further enhance scalability, constraint adherence, and verification 

effectiveness in complex industrial settings. Particularly, applying GNNs to explicitly model the 
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topological dependencies among AXI channels represents a promising direction for future research 

[19]. In conclusion, this study, through We formulate AXI verification as an interactive simulation 

environment. The state encodes protocol handshake/channel occupancy features together with 

online coverage feedback; actions correspond to controllable traffic-generation parameters (e.g., 

burst attributes, IDs, backpressure patterns, interleavings). A coverage-aware reward combines 

coverage increments, corner-case incentives, and legality penalties, and the policy is optimized 

with PPO (CA-PPO-AXI). reveals In conclusion, CA-PPO-AXI demonstrates that coverage-aware 

deep reinforcement learning can systematically accelerate AXI coverage closure and improve 

corner-case discovery, offering a practical path toward scalable, low-manual-effort protocol 

verification. 
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