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Abstract

Effective working capital management in supply chains requires the joint coordination of physical and financial flows. While
existing literature on simulation-integrated reinforcement learning has primarily focused on inventory dynamics, this study extends
the scope to include financial dynamics across supply chain tiers. We propose a framework that integrates discrete-event simulation
(DES) with deep reinforcement learning (DRL) to optimize both inventory and financial management in a multi-echelon supply
chain. A Proximal Policy Optimization (PPO) algorithm is used to train an agent within the simulated environment, enabling it to
learn adaptive policies for inventory replenishment, production planning, and cash collection. Comparative results against a Genetic
Algorithm (GA)-based benchmark demonstrate that the DRL agent outperforms heuristic policies in terms of convergence stability,
cumulative rewards, and responsiveness to stochastic demand. The findings highlight the potential of simulation-integrated DRL
frameworks to improve coordination between financial and operational decisions in supply chains. Practically, the framework can
be embedded in digital twins to support real-time decision-making in supply chains and offers actionable insights for managers
seeking to improve working capital efficiency through adaptive policies.
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1. Introduction

Working capital management is a critical component of supply chain (SC) performance, involving the efficient
control of short-term assets and liabilities, including inventory, cash, accounts receivable, and accounts payable.
Effective working capital management supports liquidity, reduces the cost of capital tied up in operations, and
enhances operational flexibility [1]. While traditional approaches often focus on optimizing these elements within
individual firms, such as minimizing local inventory or extending payment terms, such siloed practices can lead to
suboptimal outcomes at the SC level. Recent research increasingly advocates for a SC-oriented perspective on working
capital management, in which partners collaborate to reduce capital costs and strengthen financial resilience [1, 2].

This integrated view requires the alignment of operational and financial decisions across SC tiers. However,
achieving such alignment is challenging due to the inherent uncertainty and dynamic nature of SCs. Volatile demand,
fluctuating lead times, and disruptions can easily result in excess inventory or stockouts, both of which erode working
capital efficiency and profitability. Additionally, mismatches in financial flows, such as misaligned payment terms or
delayed receivables, can exacerbate liquidity risks even when operational performance remains strong [3]. These
complexities highlight the need for advanced analytical tools capable of jointly optimizing physical and financial SC
decisions under uncertainty.

Simulation has long served as a foundational method for modeling SC behavior under stochastic conditions.
Techniques such as discrete-event simulation (DES), agent-based modeling (ABM), and system dynamics (SD) enable
modelers to replicate interactions among SC entities and assess the implications of various operational and financial
policies [4]. By modeling the flows of products, information, and capital, simulation provides a controlled
environment to experiment inventory control strategies, order fulfillment, and financial decision-making under
variable conditions. Among these methods, DES is particularly effective for analyzing inventory dynamics, lead times,
and discrete SC events [5]. Nevertheless, simulation alone does not prescribe optimal policies; rather, it offers a
controlled environment for evaluating candidate strategies. Traditionally, optimization within simulation models has
been achieved through the incorporation of metaheuristics, such as genetic algorithms, to search for near-optimal
decision rules [6]. While effective, these approaches often require extensive expert input and can be computationally
intensive, particularly when addressing high-dimensional decision spaces.

In recent years, the rise of machine learning techniques has opened new possibilities for data-driven, adaptive
decision-making in SCs. In particular, reinforcement learning (RL) has emerged as a powerful approach for sequential
decision optimization under uncertainty. RL algorithms enable an autonomous agent to learn effective policies through
interaction with an environment, receiving feedback in the form of rewards. Unlike supervised learning, RL does not
require labeled optimal actions; instead, the agent discovers superior strategies through exploration and outcome
observation. The appeal of RL in supply chain management (SCM) lies in its model-free nature, meaning it does not
require an explicit analytical model of the system, and its ability to continually improve decisions in complex, dynamic
environments [7]. As SCs grow in complexity and data availability increases, researchers have investigated RL-based
approaches for challenges ranging from inventory control to transportation and production scheduling. A recent
literature review highlights that inventory management remains the most common application domain for RL methods,
underscoring the pivotal role of inventory in SC coordination [8].

Several studies have demonstrated that modern deep reinforcement learning (DRL) algorithms can match or exceed
the performance of traditional heuristics in complex SC problems. For instance, Gijsbrechts et al. [9] showed that an
advanced DRL method, using an asynchronous advantage actor-critic (A3C) algorithm, could achieve near-optimal
performance in inventory control problems involving lost-sales and multi-echelon systems. These findings suggest
that RL can be a valuable tool for dynamically optimizing operational and financial decisions in SCs under uncertainty.

Integrating simulation and RL offers a synergistic approach to addressing complex SC problems. In an integrated
simulation—RL framework, the simulation model serves as the environment for the learning agent: it replicates the
SC’s behavior in response to the agent’s actions, such as inventory replenishment, production scheduling, or credit
allocation, and generates rewards based on performance metrics such as cost, service level, or cash flow outcomes.
The agent, in turn, updates its policy to maximize cumulative rewards, thereby progressively improving its decision-
making capabilities. For example, reward functions can be designed to reflect profitability or working capital
efficiency, directly aligning learning objectives with financial performance. This closed-loop interaction constitutes a
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flexible form of simulation-based optimization, enabling continuous policy adaptation to complex stochastic
environments, even when analytical solutions are intractable [10].

A number of studies have applied integrated simulation and RL approaches to SC problems, providing insights into
their effectiveness. For example, Chaharsooghi et al. [11] developed an RL-based model for the well-known Beer
Game, a multi-echelon SC simulation that illustrates inventory oscillations under uncertainty. They used a Q-learning
agent to adjust ordering policies at each echelon and found that the RL-driven coordination policy outperformed
traditional decision rules, effectively dampening the bullwhip effect and improving overall cost performance.
Subsequently, Mortazavi et al. [12] proposed a simulation-based optimization framework employing Q-learning for a
multi-tier SC ordering system, incorporating more sophisticated performance measures such as value-at-risk for costs.
Building on these earlier contributions, Preil and Krapp [13] introduced a novel integration of simulation and RL using
multi-armed bandit algorithms to optimize base-stock levels in a stochastic multi-echelon SC. These studies
collectively established a foundation for treating SC decision-making problems as Markov decision processes and
solving them through learning agents interacting with simulation models.

With advances in computational power and algorithmic design, recent studies have increasingly adopted deep
reinforcement learning (DRL) within SC simulations to address larger and more complex state and action spaces. For
example, Fujii et al. [14] applied a deep multi-agent RL approach to an extended Beer Game scenario, using neural
networks to approximate policies and introducing an evolutionary mechanism to co-evolve the agents’ learning
processes. Their findings demonstrated superior cost and service level outcomes compared to classical methods.
Similarly, Oroojlooyjadid et al. [15] developed a deep Q-network (DQN) agent for the Beer Game, showing that the
learned policies could match or exceed human performance and generalize effectively across varying cost structures.

Beyond inventory management, simulation—RL integration has also been applied to dynamic delivery strategies
[16], production scheduling under uncertain manufacturing conditions [17], and supplier selection in competitive SC
environments [18]. In each case, simulation captures the complexity and stochasticity of the environment, while RL
enables the autonomous development of responsive and adaptive policies.

While integrated simulation and RL approaches have demonstrated success in operational domains such as
inventory management and logistics, their application to working capital management has focused narrowly on
inventory dynamics, without explicitly modeling the financial aspects that are central to working capital efficiency.
Considering that working capital extends beyond the management of physical goods to include cash flow timing and
financing strategies, there is a clear need for integrated frameworks that combine the simulation of both operational
and financial SC elements with RL-based decision-making. To address this gap, we develop a DES model to train an
RL agent for optimized working capital management in SCs.

2. Material and methods
2.1. SC configuration and Simulation model

In this study, we examine a single-product, three-tier serial SC comprising a manufacturer, a wholesaler, and a
retailer, representative of a typical fast-moving consumer goods (FMCG) SC [19]. The distribution lead time between
each SC stage is set to one week. There is no lead time between the retailer and the end customer, as customers collect
their orders directly from the retailer. The manufacturer operates with a weekly production capacity of 40,000 units.
Customer demand is stochastic and follows a uniform distribution between 10,000 and 17,000 units per week. If the
retailer's inventory is insufficient to meet this demand, unmet orders are backlogged, which negatively affects the
SC’s service level defined as the ratio of the retailer’s fulfilled sales to total customer demand.

All SC members follow a periodic review inventory policy with a review interval of one week. Accordingly, each
week, members assess their inventory and work-in-progress (WIP) levels and place replenishment orders upstream.

The operational sequence for each SC node includes the following steps: (1) receipt of products ordered one week
prior, added to inventory; (2) use of inventory to fulfill downstream orders and any existing backlog; (3) dispatch of
products downstream, update of inventory and WIP levels, and creation of backlogs if inventory is insufficient; and
(4) issuance of a non-negative replenishment order to the upstream node.

DES is employed to model the dynamic behavior of the SC. Working capital performance is assessed using the
cash conversion cycle (CCC). To verify the simulation model, output data analysis and simulation run monitoring
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were conducted. For validation, the model was run 100 times using a fixed set of simulation parameters, and results
across replications were compared to assess robustness. Furthermore, the model demonstrates the bullwhip effect
when configured according to the Beer Game assumptions, as described in [20].

2.2. Reinforcement learning

To optimize working capital decisions dynamically, this study integrates a Deep Reinforcement Learning (DRL)
approach with a discrete-event simulation model. The problem is formulated as a Markov Decision Process (MDP),
in which an agent learns optimal policies for inventory replenishment and cash collection by interacting with the
simulated environment. A Proximal Policy Optimization (PPO) algorithm with an actor—critic architecture is
employed to train the agent. The state space captures current inventory levels and backlog positions across the
manufacturer, wholesaler, and retailer. The action space includes (i) continuous cash collection policy parameters for
the manufacturer and wholesaler, (ii) discrete order quantities for each supply chain tier, and (iii) the manufacturer's
production rate, subject to capacity constraint. The reward function is defined as a weighted linear combination of
cash conversion cycles for all supply chain entities and the backlog at the retail node.

3. Results and discussion

The performance of the proposed DRL framework, implemented using PPO, was evaluated against a benchmark
Genetic Algorithm (GA)-based policy from the literature [21]. This comparative analysis involved three key aspects:
convergence behavior, policy performance, and reward distribution across evaluation episodes.

During PPO training, convergence of the critic’s value function was assessed using the mean squared error (MSE).
As illustrated in Fig. 1, the value-function loss declined steadily from approximately 1.0 to below 10, indicating rapid
and stable convergence. The low final loss suggests the value network was able to accurately estimate expected
returns, thereby enabling efficient policy updates via PPO’s clipped surrogate objective. This behavior confirms PPO’s
stability and suitability for high-dimensional control in stochastic SC environments.

PPO Critic Value Loss — Log Scale (semilogy)
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Fig.1. log-scaled critic value loss during PPO training.



Ali Badakhshan et al. / Procedia Computer Science 277 (2026) 263-270 267

The Genetic Algorithm was subjected to an identical decision space and reward structure for fairness of
comparison. As shown in Fig. 2, GA demonstrated fast initial gains in both mean and maximum fitness within the
first 20 generations. However, convergence quickly plateaued, indicating stagnation near suboptimal local optima.
This phenomenon reflects the GA’s limited capacity to explore and exploit complex temporal dependencies in supply
chain dynamics, especially under uncertainty.

GA Optimization Performance
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Fig. 2. convergence of GA during policy optimization.

To quantify real-world performance, both PPO and GA policies were evaluated across 1,000 simulation episodes,
each spanning a 50-week operational horizon. As shown in Fig. 3, the PPO-trained policy mostly achieved positive
cumulative rewards, whereas the GA-derived policies resulted in negative returns. These outcomes underscore the
critical advantage of DRL methods in learning adaptive and resilient policies that account for long-term state
transitions and feedback effects.

The performance disparity highlights two important findings. First, DRL’s ability to model sequential decision-
making allows for more robust inventory and cash flow strategies compared to static or heuristic-based optimization
methods. Second, while GA may provide quick heuristics in simpler settings, it lacks the dynamic adaptability required
for real-time supply chain decision-making under uncertainty. The results support the broader applicability of
simulation-integrated DRL frameworks for optimizing financial and operational objectives in supply networks.
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Fig. 3. reward distribution across 1,000 evaluation episodes for PPO and GA policies.

The behaviors of the PPO-trained and GA-trained policies were further analyzed by inspecting state-action
mappings at selected decision steps. Table 1 summarizes two representative examples. The comparative results reveal
notable differences between the GA and PPO policies in terms of responsiveness, adaptability, and strategic alignment
with SC conditions. In Step 1, the system state indicates that the manufacturer has zero inventory and is experiencing
a backlog of 8,000 units, while the retailer and wholesaler hold moderate inventory levels and no backlog. The GA
policy responds with relatively aggressive ordering behavior, placing substantial orders at all levels, including a 14,789
unit order to the manufacturer despite its inability to fulfill it due to stockouts and backlog. This action suggests that
the GA does not effectively incorporate state feedback into its decision-making and applies a static policy that may
result in infeasible or suboptimal decisions. In contrast, the PPO agent demonstrates a more cautious and context-
aware approach. It issues moderately sized orders downstream (15,352 at the retail level and 30,000 at the wholesale
level) but places no order to the manufacturer. This indicates that the PPO agent recognizes the manufacturer’s
constrained capacity and avoids contributing to the existing backlog.

In Step 2, the state changes slightly: retailer inventory rises to 37,896, while wholesaler inventory drops to a
critically low 2,000 units. Manufacturer inventory remains at zero, and its backlog increases to 25,000. The GA policy,
however, repeats the same set of actions from Step 1, i.e., issuing identical cash collection rates and order quantities,
demonstrating a lack of dynamic adjustment to state transitions. This further reinforces the conclusion that the GA-
derived policy lacks state sensitivity and generalization ability. On the other hand, the PPO policy adapts its ordering
behavior by increasing the retail order to 20,000, reflecting an awareness of upstream constraints and the need to
support downstream availability. Still, it refrains from placing an order with the manufacturer, consistent with its
recognition that the manufacturer is unable to fulfill new orders due to lack of inventory and existing backlog.

Overall, the PPO agent exhibits significantly more robust and adaptive behavior, maintaining stable and
conservative cash collection policies while dynamically adjusting inventory decisions based on real-time state
conditions. In contrast, the GA policy is static and potentially counterproductive under supply constraints, highlighting
the value of reinforcement learning in capturing temporal dependencies and SC interdependencies. These observations
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underscore the advantage of DRL-based methods for joint financial and operational decision-making in SC
environments.

Table 1. example state-action mapping from PPO agent in the simulation environment.

Step Adjusted State Vector Transformed GA Action Transformed PPO Action
r_inventory: 26,785
w_inventory: 22,000 cash_col_retail: .58 cash_col_retail: 0.5
m_invcntory: 0 cash_col_wholesale: 0.53 cash_col_wholesale: 0.5
1 order_retail: 17,351 order_retail: 15,352
r—baCklog: 0 order_wholesale: 40.556 order_wholesale: 30,000
W_backlog'. 0 order_manufacturer: 14,789 order_manufacturer: (
m _backlog: 8,000
r_inventory: 37,896
w_invontory: 2.000 cash_col_retail: (.58 cash_col_retail: (.5
m_inventory: 0 cash_col_wholesale: 0.53 cash_col_wholesale: 0.5
2 order_retail: 17,351 order_retail: 20,000
r—baCklog: 0 order_wholesale: 40,556 order_wholesale: 30,000
W_backlog'. 0 order_manufacturer: 14,789 order_manufacturer: 0

m_backlog: 25,000

4. Conclusions

This study proposes a simulation-based deep reinforcement learning (DRL) framework for optimizing working
capital decisions across supply chain tiers. By modeling the decision problem as a Markov Decision Process and
integrating a Proximal Policy Optimization (PPO) agent into a discrete-event simulation (DES) environment, we
addressed both operational and financial control dimensions in a unified setting. The results demonstrate that the DRL-
based policy outperforms a genetic algorithm (GA) benchmark in terms of cumulative reward, policy stability, and
responsiveness to stochastic demand. The agent learned to adaptively coordinate inventory replenishment, production
planning, and cash collection, achieving improved working capital efficiency.

This research contributes to the literature by extending reinforcement learning applications in supply chains beyond
traditional inventory control, incorporating financial flow into the optimization process. It also introduces a scalable,
data-driven framework that can be embedded in digital twin architectures [22] to enable adaptive learning and
feedback loops for continuously optimized decision-making in dynamic SC environments.

From a practical perspective, the framework offers a decision-support tool for managers aiming to optimize
liquidity and service performance in integrated supply chain systems. This study has a few limitations: it assumes a
single-product supply chain, uniform lead times, and centralized decision-making. Future research could expand the
framework to multi-product and multi-agent settings, integrate variable lead times or dynamic payment terms, and
explore risk-aware reward structures for more realistic financial modeling. Moreover, integrating the model with
emerging technologies such as blockchain [23] could enhance transparency, traceability, and trust in financial
transactions.
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