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 Legacy enterprise resource planning (ERP) systems serve as the operational 

backbone of global commerce but often create bottlenecks due to their rigid, 

monolithic design. As organizations incorporate artificial intelligence (AI), 

these outdated systems struggle to support high-speed, parallel workflows, 

creating a significant integration challenge. This paper introduces a non-

intrusive modernization approach that overlays a decentralized multi-agent 

system (MAS) onto existing infrastructure without requiring invasive code 

changes. By developing a digital twin of the order-to-cash (O2C) process, 

we train autonomous agents through multi-agent reinforcement learning 

(MARL) to manage credit validation, inventory allocation, and fulfillment. 

We adapt the centralized training, decentralized execution (CTDE) 

framework to meet O2C constraints, enabling agents to learn globally 

optimal strategies while operating independently. Simulation results show 

that this architecture surpasses rule-based robotic process automation (RPA) 

baselines, increasing total throughput by 6.9% over a monolithic setup, 

though at a 6.3% error rate due to aggressive allocation policies. These 

results indicate that decentralized agent-based orchestration provides a 

scalable approach for modernizing legacy ERPs, offering increased agility 

without the risks associated with platform replacement. 
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1. INTRODUCTION  

Enterprise resource planning (ERP) systems serve as the operational backbone of global commerce. 

Yet, a significant portion of the enterprise workload is carried by legacy architectures characterized by 

monolithic codebases and rigid, sequential locking [1]. While modern agile frameworks emphasize 

microservices, legacy order-to-cash (O2C) processes often operate as strict pipelines where a delay in one 

stage (e.g., credit check) blocks the entire sequence to maintain atomicity, consistency, isolation, durability 

(ACID) compliance [2]. This architectural rigidity creates a “head-of-line blocking” problem, in which 

legacy O2C cycles often incur 30-40% operational latency due to resource contention. As market demands 

shift toward real-time responsiveness, this sequential rigidity becomes a critical business liability, forcing 

organizations to navigate intricate trade-offs between cost, service, and sustainability [3]. 

Simultaneously, the field of multi-agent reinforcement learning (MARL) has matured, with recent 

works demonstrating success in complex, non-differentiable environments. Unlike passive robotic process 

automation (RPA) bots that follow pre-defined rules, artificial intelligence (AI) agents possess the autonomy 

to perceive their environment and reason about goals [4]. Specifically, constrained MARL (CMARL) has 

https://creativecommons.org/licenses/by-sa/4.0/
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emerged as a dominant paradigm for optimizing systems with hard safety constraints [5], [6]. Recent studies 

have applied the centralized training, decentralized execution (CTDE) paradigm to decentralized energy 

management [7], [8] and autonomous logistics [9], demonstrating that agents can learn cooperative policies 

without requiring access to the global state during execution. 

Extensive research highlights the growing impact of AI and automation in supply chain optimization 

[10]–[19]. However, recent innovations explore the use of large language models (LLMs) for inventory 

management [20], [21], but they typically assume modern application programming interface (API) 

connectivity rather than the brittle constraints of monolithic enterprise software. A critical gap remains: most 

existing MARL frameworks assume modifiable, API-first environments where agents can interact freely. 

There is limited research on applying safe and resilient reinforcement learning (RL) [22], [23] to 

orchestrate “black box” legacy systems without invasive code refactoring. Deploying advanced agents 

directly within a mainframe-based ERP is fraught with risk; direct write-access risks data corruption, and 

untrained agents can trigger customer-facing failures. While digital representations have evolved into the 

digital twin of an organization (DTO) via process mining [24], prior work has primarily used them for offline 

scheduling rather than as active training environments for autonomous agents [25]-[28]. 

This paper addresses that gap by treating the legacy ERP as a fixed environment constraint rather 

than a modifiable variable. We propose a novel non-invasive orchestration framework that overlays a 

decentralized multi-agent system (MAS) onto the legacy core. Rather than interacting directly with the 

production database, agents train within a DTO - a high-fidelity virtual replica of the O2C process that 

mirrors the legacy ERP’s sequential workflows and resource constraints [27]. 

Our contributions are: (i) a DTO methodology for safe RL training using process mining; (ii) an 

adaptation of the CTDE architecture specifically for constrained O2C workflows; and (iii) empirical 

validation showing a 6.9% throughput increase over monolithic baselines. The novel contribution of this 

study is the application of CTDE-based MARL to legacy O2C workflows, bridging the gap between modern 

AI agility and legacy enterprise stability. 

 

 

2. METHOD 

This section outlines the mathematical framework of the legacy O2C process, the construction of the 

DTO environment, and the specific architecture of the decentralized agents used for orchestration. 

 

2.1.  Problem formulation 

We formulate the O2C process as a decentralized partially observable Markov decision process 

(Dec-POMDP), defined as a tuple 𝐺 = (𝑁, 𝑆, 𝐴, 𝑃, 𝑟, 𝑍, 𝑂, 𝛾). Here, 𝑁 = 5 represents the number of agents. 𝑆 

describes the global environment state, including order queues, inventory levels, and resource availability. 

𝑃(𝑠′ ∣ 𝑠, 𝑎) denotes the transition probability governed by ERP business rules and stochastic failure rates 

(e.g., credit check timeouts). 

To explicitly model these transition probabilities, we adopted the process-mining-based DTO 

framework proposed by Vitale et al. [27]. We used the Inductive Miner algorithm in the process mining for 

Python (PM4Py) library to extract a sound process tree from historical systems, applications, and products in 

data processing (SAP) event logs, ensuring the simulation is deadlock-free. As demonstrated in recent 

literature [27], this approach allows for the systematic discovery of system dynamics including stochastic 

failure rates and branching probabilities directly from execution data, rather than relying on manual 

modeling. This data-driven model was then wrapped in a custom OpenAI Gym interface to serve as the 

training environment. The agents share a global reward function 𝑟(𝑠, 𝑎) to encourage cooperation but operate 

under partial observability, meaning each agent 𝑖 only perceives a local observation 𝑜𝑖 ∈ O. This reflects real-

world constraints where a warehouse agent does not have access to sensitive financial data used by the credit 

agent. 

 

2.2.  Agent architecture 

The system is decomposed into five specialized agents, each managing a critical sub-process of the 

O2C cycle. This decomposition is not arbitrary; it aligns 1:1 with the American Productivity and Quality 

Center (APQC) process classification framework (PCF) for O2C (ID: 3.0), ensuring that the agent roles map 

directly to standard industry organizational structures. The specific roles, observations, and actions are 

defined in Table 1. As illustrated in Figure 1, these agents operate as an overlay on the legacy core and 

interact via the DTO interface.  

The decentralized MAS (top layer) consists of five specialized agents that observe and act upon the 

digital twin interface (middle layer). This digital replica simulates the rigid O2C constraints, effectively 

isolating the production legacy ERP (bottom layer) from direct, high-risk agent interactions during training 

and validation. 
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Table 1. Multi-agent Markov decision process definition 
Agent type Role Local observation space (𝑂𝑖) Action space (𝐴𝑖) 

Order agent Ingestion and prioritization Queue depth, order value, due date Prioritize, queue, reject 

Credit agent Financial validation Customer credit score, outstanding balance, risk 

exposure 

Approve, deny, 

manual_review 
Inventory 

agent 

Stock management Stock keeping unit (SKU) availability, reorder 

point status, backlog size 

Allocate, backorder, 

release_hold 

Fulfillment 
agent 

Logistics orchestration Picking capacity, lane congestion, shipping cost Schedule_pick, consolidate, 
expedite 

Billing agent Revenue recognition Delivery proof, payment terms, invoice status Generate_invoice, dunning, 

write_off 

 

 

 
 

Figure 1. The proposed non-invasive orchestration architecture 

 

 

2.3.  Training algorithm 

We employ proximal policy optimization (PPO) with a CTDE architecture [29]. During training, a 

centralized critic network 𝑉𝜙(𝑠) estimates the value of the global state, helping to stabilize the learning of 

the decentralized actor networks 𝜋 𝜃𝑖  (𝑎𝑖  ∣ , 𝑜𝑖). 

The objective function for the agent, the clipped surrogate objective, is defined as: 

 

𝐿𝑖
𝐶𝐿𝐼𝑃(𝜃𝑖) = 𝐸𝑡  [ 𝑚𝑖𝑛( 𝑟𝑡  ( 𝜃𝑖 ) Â𝑡  , 𝑐𝑙𝑖𝑝 ( 𝑟𝑡  ( 𝜃𝑖  ) ,1 −  𝜖, 1 +  𝜖 ) Â𝑡)]  

 

where Â𝑡 is the advantage estimate and 𝜖 = 0.2 is the clipping parameter. During execution, the centralized 

critic is discarded, and agents act solely on their local observations 𝑜𝑖 . 

 

2.4.  Reward shaping 

To prevent agents from optimizing for throughput at the expense of compliance or accuracy, we 

utilize a composite reward function: 

 

𝑅𝑡𝑜𝑡𝑎𝑙 =  𝑤1  ·  𝑁(𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑑)  −  𝑤2  ·  𝑇(𝑐𝑦𝑐𝑙𝑒)  −  𝑤3  ·  𝑁(𝑒𝑟𝑟𝑜𝑟𝑠)  

 

we set 𝑤1 = 1.0 (throughput), 𝑤2 = 0.01 (cycle time), and 𝑤3 = 10.0 (errors). The high penalty for errors 

reflects the business criticality of preventing incorrect shipments or compliance violations. 

 

2.5.  Baseline architectures 

To rigorously validate the proposed framework, we define three distinct architectural behaviors for 

comparison: 
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a. Monolithic (baseline): simulates the legacy mainframe behavior where processes are strictly sequential. 

To maintain ACID compliance, the system employs global locking; a delay in the credit stage blocks 

Inventory allocation for all subsequent orders. 

b. Rule-based RPA: simulates a modern RPA approach. Tasks are parallelized where possible, but the 

logic is “conservative.” If an order hits a specific risk threshold, the RPA bot halts the process 

immediately to prevent errors, prioritizing safety over throughput. 

c. MAS (proposed): the MAS employs an “optimistic” policy. Agents learn to pipeline non-dependent 

tasks (e.g., initiating picking while final credit clearance is pending) based on probabilistic success, 

prioritizing maximum throughput. 

 

 

3. RESULTS AND DISCUSSION 

This section presents the empirical validation of the proposed framework, detailing the simulation 

parameters, comparative performance results against the monolithic and RPA baselines, and a discussion of 

the observed trade-offs. 

 

3.1.  Simulation environment 

We developed a discrete-event simulation to validate the framework. The environment parameters, 

detailed in Table 2, were chosen to reflect a high-stress legacy environment with non-homogeneous order 

arrivals and stochastic resource contention. 

 

 

Table 2. Simulation and hyperparameter configuration 
Parameter category Parameter name Value / distribution Description 

Dataset Order value 𝑈(100, 5000) Uniform distribution (USD) 

Dataset Order arrival rate Poisson (𝜆 = 5) Non-homogeneous arrival 

Environment Simulation horizon 1000 Discrete time units per episode 

Environment Resource pool 10 Worker threads for processing 

Environment Failure prob. (credit) 𝑃 = 0.10 Probability of timeout 

Training Total timesteps 5,000,000 Total training duration 

Training Learning rate (𝛼) 3 × 10⁻⁴ Step size 

Training Discount factor (𝛾) 0.99 Importance of future rewards 

 

 

3.2.  Performance comparison 

Table 3 summarizes the comparative performance across the three architectures. The rule-based 

RPA baseline reduced the average cycle time by 23.3% (from 27.71 to 21.26 time units) compared to the 

monolithic system by parallelizing independent tasks. However, RPA failed to yield a significant increase in 

throughput (176 vs. 175 orders). This is attributed to the RPA’s rigid, conservative logic, which, like the 

monolithic system, halts processing immediately upon encountering ‘risk’ thresholds to maintain zero errors. 

 

 

Table 3. Experimental results comparison 
Key performance indicator 

(KPI) 
Monolithic 
(baseline) 

RPA (rule-
based) 

MAS framework 
(proposed) 

Relative change (MAS vs 
mono) 

Total throughput (orders) 175 (± 0.00) 176 (± 0.00) 187 (± < 0.01) +6.9% 

Avg. cycle time (time units) 27.71 21.26 17.93 -35.3% 
Error rate (% failed) 0.0% 0.0% 6.3% N/A 

Net economic value ($) $87,500 $88,000 $92,910 +6.2% 

 

 

In contrast, the proposed MAS framework achieved the highest throughput (187 orders) and the 

lowest cycle time (17.93 units). By employing an ‘optimistic’ allocation policy, the agents learned to pipeline 

marginal orders that the RPA system would rigidly reject. While this introduced a 6.3% error rate, the system 

successfully processed 12 additional orders per episode that had previously been lost due to system rigidity. 

The training stability of this policy is evidenced by the convergence plot in Figure 2, which shows the mean 

reward stabilizing after 3.5 million timesteps. 

The plot illustrates the mean composite reward over 5 million timesteps. The policy demonstrates 

stable convergence after approximately 3.5 million timesteps, indicating that the decentralized agents 

successfully learned a cooperative, high-throughput orchestration strategy without violating the heavily 

penalized simulated compliance constraints.  
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Figure 2. Training convergence of the multi-agent proximal policy optimization (MAPPO) algorithm 

 

 

3.3.  Discussion 

The results highlight a fundamental trade-off between the stability of centralized control and the 

agility of decentralized agents. 

 

3.3.1. Economic return on investment (ROI) analysis 

A primary concern regarding the optimistic policy is the introduction of a 6.3% error rate. To 

validate the economic viability of this trade-off, we define the net economic value (𝑉𝑛𝑒𝑡) of the simulation 

episode as: 

 

𝑉𝑛𝑒𝑡 =  (𝑁𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑑  ×  𝑉𝑜𝑟𝑑𝑒𝑟  ×  𝑀)  −  (𝑁𝑒𝑟𝑟𝑜𝑟𝑠 ×  𝐶𝑓𝑖𝑥)  

 

where 𝑉𝑜𝑟𝑑𝑒𝑟 is the average order value ($2,500), M is the profit margin (20%), and  𝐶𝑓𝑖𝑥 is the administrative 

cost of manually rectifying an error ($50). Applying these parameters to the experimental results: 

− Monolithic baseline: (175 × $500) − (0 × $50) = $87,500 

− MAS framework: (187 × $500) − (11.8 × $50) = $92,910 

Despite incurring remediation costs for flagged orders, the MAS architecture generated a 6.2% 

increase in net profitability (+$5,410 per episode). This result confirms that in high-volume legacy 

environments, the opportunity cost of rigid blocking (lost throughput) far exceeds the operational cost of 

‘human-in-the-loop’ exception handling. 

Analytical extension: this economic advantage stems from the MAS’s ability to exploit partial 

observability. Unlike the RPA baseline which relies on a static, globally defined risk threshold the 

decentralized agents evaluate localized state spaces. The inventory agent, for instance, learns to allocate stock 

to borderline credit profiles when warehouse capacity is underutilized, effectively trading a calculated risk of 

a canceled order for the guarantee of maximizing current operational bandwidth. This dynamic risk-taking is 

the core driver of the 6.9% increase in throughput. 

 

3.3.2. Sensitivity analysis (reward shaping)  

To validate the internal reward structure, we varied the error penalty 3. It is critical to note that, 

unlike the standard operational baseline presented in Table 3, this sensitivity analysis was conducted under an 

extreme system-saturation scenario to deliberately observe the boundaries of agent policy breakdown. This 

environmental stress accounts for the significantly higher average cycle times and elevated error rates 

compared to normal operations. As shown in Table 4, decreasing the penalty to an aggressive 𝑤3 = 5.0 

pushed the agents to maximize throughput to 110 orders, but resulted in a severe 508.5 cycle time. 

Conversely, increasing 𝑤3 to a conservative 20.0 suppressed the error rate to 30.2%, but strangled 

throughput to 75 orders and a cycle time of 465.8. The selected weight of 10.0 represents a necessary balance 

for extreme-volume environments, maintaining a throughput of 98 orders and a cycle time of 490.9.  
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Table 4. Sensitivity analysis (reward weight 𝑤3) 
Error penalty weight (𝑤3) Throughput (orders) Avg. cycle time Error rate 

5.0 (aggressive) 110 508.5 48.2% 

10.0 (baseline) 98 490.9 40.6% 
20.0 (conservative) 75 465.8 30.2% 

 

 

3.4.  Scalability and stress testing 

To evaluate system robustness under peak load, we conducted a sensitivity analysis on the order 

arrival intensity (𝜆). We compared system performance under “normal” load (mean inter-arrival time = 5) 

versus “high stress” load (mean inter-arrival time = 2), representing a 150% surge in volume. As shown in 

Table 5, the monolithic system saturates quickly; increasing the load results in exponentially higher cycle 

times due to global locking queues. The MAS framework, however, scales nearly linearly, absorbing the load 

increase with minimal impact on latency. This confirms the architectural advantage of decentralized, non-

blocking agents in high-volume environments. 

 

 

Table 5. Scalability analysis under high stress 
System Throughput (normal) Throughput (high stress) Cycle time degradation 

Monolithic 175 182 (saturated) +45.0% (bottlenecked) 
RPA 176 210 +12.4% 

MAS (proposed) 187 245 +5.1% (stable) 

 

 

3.5.  Sim-to-real transfer and safety 

While the simulation results are promising, deploying RL agents directly into a production ERP 

introduces “sim-to-real” risks, primarily due to the stochasticity of real-world data, which may differ from 

the distribution used to train the digital twin. To mitigate this, we propose a “shadow mode” deployment 

strategy. In this phase, agents receive real-time production inputs and generate actions, but these actions are 

logged rather than executed. 

For true enterprise adoption, these technical safeguards must be paired with strict governance 

controls. Real-world deployment requires that every agent decision whether it is an inventory allocation or a 

credit hold is cryptographically logged to ensure full auditability for financial compliance. To operationalize 

these safeguards, the deployment of this architecture can be managed through commercial compliance 

frameworks, such as those being developed by SurePath Protocols LLC, which ensure agent decisions are fully 

transparent and adhere to strict financial governance controls before transitioning out of shadow mode. A 

divergence monitor compares the agent’s shadow decisions against the legacy system’s actual outcomes. Only 

when the agent’s policy converges to a safety threshold (e.g., <0.1% hazardous error rate) is control gradually 

handed over, ensuring that the legacy system’s stability is never compromised by exploration noise [23], [30]. 

 

 

4. CONCLUSION  

This paper presented a framework for modernizing legacy O2C processes using decentralized multi-

agent orchestration. By leveraging a DTO for safe training and a CMARL architecture for execution, we 

demonstrated that significant performance gains can be achieved without invasive code refactoring. 

Experimental results indicate that while rule-based RPA successfully reduced cycle times (-23.3%), it failed 

to improve throughput due to rigid risk aversion. In contrast, the proposed MAS achieved a 35.3% reduction 

in cycle time and a 6.2% increase in net economic value compared to the monolithic baseline. Crucially, the 

system demonstrated superior scalability: under high-stress conditions, the MAS achieved 34.6% higher 

throughput than the monolithic architecture, avoiding the saturation effects observed with legacy locking 

mechanisms. These findings suggest that the trade-off between decentralized agility and centralized control is 

economically viable, provided that “human-in-the-loop” safeguards are maintained for exception handling. 

Future work will focus on integrating these agents with real-time SAP S/4HANA event logs to validate the 

proposed “shadow mode” deployment strategy in production environments. 
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