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Featured Application

The proposed framework can be applied as a decision-support layer for multi-echelon
supply chains where service performance and working capital efficiency must be managed
jointly, such as consumer goods or industrial manufacturing. The framework can be em-
bedded in planning or digital-twin systems to generate coordinated ordering, production,
and cash-collection decisions using routinely available data. Adaptive heuristics can serve
as transparent baselines in stable periods, while learning-based control can be used during
demand disruption to contain backlog, service shortfalls, and working capital stress.

Abstract

Supply chain control requires balancing operational performance and financial efficiency
when decisions are made using delayed and imperfect demand information. Although
fixed heuristics, adaptive policies, and reinforcement learning approaches have been pro-
posed, their relative effectiveness and robustness under temporary informational mismatch
remain unclear. This study addresses this gap by developing an integrated simulation–
reinforcement learning framework that jointly captures operational and financial dynamics
in supply chains, which enables adaptive optimisation of working capital policies under
uncertainty. A unified simulation framework is developed for a multi-echelon supply
chain that jointly models service levels, backlog, customer retention, and working capital
exposure through the cash conversion cycle. Five classes of controllers are evaluated: fixed-
threshold heuristics, adaptive threshold policies optimised using stochastic and evolution-
ary search, and a reinforcement learning controller based on proximal policy optimisation.
Performance is assessed under stationary demand and under demand disruptions. The
results reveal a clear hierarchy of performance. Fixed heuristics provide transparent and
stable baselines but suffer from structural rigidity. Adaptive threshold policies substantially
improve coordination, with evolutionary search yielding the strongest performance among
structured approaches. The reinforcement learning controller achieves the best overall
outcomes by learning a nonlinear state–action mapping that sharply reduces backlog and
service shortfalls while maintaining comparable working capital exposure. These gains
arise from improved coordination across operational and financial decisions rather than
single-metric optimisation. Practically, adaptive heuristics offer robust baselines, while
learning-based controllers are most valuable in more volatile environments.

Keywords: supply chain resilience; working capital management; reinforcement learning
(RL); simulation; demand disruption
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1. Introduction
Working capital management is a critical component of supply chain (SC) perfor-

mance because it concerns the efficient control of short-term assets and liabilities, including
inventory, cash, accounts receivable, and accounts payable. The way these elements are
governed shapes liquidity, the cost of capital tied up in operations, and the operational
flexibility of firms embedded in interconnected networks. Working capital is thus not
merely a firm-level financial indicator; it underpins the capacity of SCs to sustain material
flows, absorb uncertainty, and respond to changing market conditions. Effective manage-
ment strengthens both financial stability and operational responsiveness, whereas poor
management constrains liquidity and undermines overall SC performance [1].

Traditional approaches to working capital management have focused on optimising
components within single firms, e.g., reducing local inventory, accelerating receivables,
or extending payables. While such measures can improve firm-level performance in the
short term, they often yield suboptimal SC outcomes when pursued in isolation. For
instance, inventory cuts by one actor may elevate shortage risks elsewhere, and aggres-
sive payment-term extensions can shift liquidity pressures to upstream or downstream
partners. Accordingly, recent research argues for an SC-oriented perspective in which
firms coordinate financial and operational decisions across tiers to reduce capital costs
and enhance collective resilience [1,2]. Such integration is important because operational
decisions, such as inventory replenishment and production planning, directly influence
financial outcomes through inventory holding costs, receivables, payables, and cash flow
movements, while financial decisions, including payment terms and liquidity availability,
can also affect operational performance across SC partners. Consequently, decisions taken
by one actor may generate both operational and financial effects throughout the network,
requiring coordinated management of material and financial flows. This reframes working
capital from a local optimisation task into an inter-organisational coordination problem.

Achieving such coordination is difficult because SCs are inherently dynamic, un-
certain, and disruption-prone. Volatile demand, fluctuating lead times, and operational
shocks readily create excess stock or stockouts, which erode working capital efficiency
and profitability. Simultaneously, poor synchronisation in financial flows, often caused
by misaligned payment terms and delays in receivables, can intensify liquidity risks even
when operational indicators look satisfactory [3]. As a result, working capital management
becomes a complex decision problem involving simultaneous interactions between physical
and financial flows over time.

This interdependence also illustrates why existing inventory-focused heuristics or
RL-based inventory control methods are insufficient for working capital management. For
example, an inventory controller may reduce replenishment quantities to minimise holding
costs, but this can increase stockouts, reduce customer retention, and delay future cash
inflows. Conversely, a policy that maintains high inventory availability may improve
service levels but tie up excessive capital in stock and increase working capital exposure.
Similarly, extending payment terms may improve one firm’s short-term cash position but
transfer liquidity pressure to upstream suppliers, potentially weakening supply reliability.
These examples show that policies optimised for inventory or operational metrics alone
may generate undesirable financial consequences, while financially attractive policies may
undermine operational performance. Therefore, working capital management requires
an integrated operational–financial perspective that jointly evaluates inventory dynamics,
service performance, receivables, payables, and cash flow movements.

Within this context, simulation has long served as a key method for analysing SC
behaviour under stochastic and dynamic conditions. Techniques such as discrete event sim-
ulation (DES), agent-based modelling (ABM), and system dynamics (SD) allow researchers
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and practitioners to replicate interactions among SC entities and assess the implications of
alternative operational and financial policies [4]. By explicitly modelling product, informa-
tion, and capital flows, simulation offers a controlled experimental environment for testing
inventory policies and financial arrangements across varying conditions [5]. Nevertheless,
simulation alone does not prescribe optimal decisions.

To address this limitation, many simulation-based SC studies incorporate optimisa-
tion mechanisms. A common approach is to use metaheuristics, e.g., genetic algorithms,
to search for near-optimal decision rules within complex simulation environments [6].
While effective, these methods often depend on expert-defined search structures, careful
parameter tuning, and extensive computation, especially when decision spaces are large
and multidimensional. Limitations become more pronounced when SC decisions must be
revised continually in response to evolving system states. Under such conditions, there is
a need for approaches that can learn and adapt policies dynamically rather than relying
solely on predefined search procedures.

Integrating simulation and reinforcement learning (RL) offers a promising way to meet
this need. In a simulation–RL framework, the simulation model serves as the environment
in which the RL agent learns. The simulation reproduces the SC’s response to actions,
such as replenishment, production adjustments, or credit-related decisions, and provides
performance feedback through reward signals tied to predefined objectives. The agent
then updates its policy iteratively to improve performance. This closed-loop structure
enables flexible simulation-based optimisation, which allows policies to adjust continually
to stochastic, complex environments where analytical solutions are infeasible [7]. Crucially,
reward functions can be designed to reflect working capital objectives directly, e.g., reduced
capital tied up in operations, thereby aligning RL with both financial and operational
performance targets.

Although simulation–RL integrations have proven effective in operational areas such
as inventory control (e.g., [8]), their use in working capital management remains limited.

Existing simulation–RL studies primarily focus on inventory-related decisions and
provide limited representation of financial elements such as receivables, payables, and
cash movements. Consequently, current approaches do not fully capture the operational–
financial interaction that determines working capital performance.

Furthermore, previous studies on working capital management generally rely on static
or predefined decision rules and do not adapt policies dynamically in response to evolving
SC conditions. This highlights the need for adaptive decision-making approaches that can
jointly model operational and financial dynamics while continuously optimising working
capital policies under stochastic and changing SC conditions.

To address these needs, we develop an integrated simulation–RL framework for op-
timised working capital management in SCs. The developed framework aims to answer
two research questions: (1) To what extent can an RL agent trained within an integrated sim-
ulation environment learn working capital policies that adapt dynamically to stochastic and
evolving SC conditions? and (2) Does the proposed simulation–RL approach outperform
metaheuristic optimisation methods in optimising working capital decisions within SCs?
By answering these research questions, the study demonstrates the potential of adaptive,
learning-based decision-making for managing the intertwined operational and financial
drivers of working capital and assesses whether such an approach offers advantages over
established optimisation techniques. To answer the first question, the framework uses
a DES model that trains an RL agent to continually optimise working capital decisions
in response to evolving SC conditions. To answer the second question, we compare the
performance of the proposed simulation–RL approach with genetic algorithms (GAs) and
cross-entropy methods (CEMs).
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The incremental contribution of this study lies in extending existing simulation–RL
research beyond inventory-centred SC control and extending simulation-based working
capital optimisation beyond static or predefined policy search. First, the proposed DES
environment jointly represents operational flows and financial flows, including inventory
movements and trade credit dynamics, represented through receivables, payables, and
cash flow timing. Second, the RL formulation embeds working capital objectives into the
learning process through a reward structure that reflects both operational performance and
financial exposure. Third, the study evaluates the proposed RL controller against fixed
heuristic and adaptive metaheuristic-based controllers, thereby distinguishing learning-
based policy adaptation from predefined and search-optimised decision rules. Finally,
performance is assessed under both stable demand and demand disruption conditions,
allowing the robustness of integrated operational–financial control policies to be examined
under temporary informational mismatch.

The remainder of the paper is structured as follows. Section 2 reviews the literature
on working capital management in SCs and integrated simulation–RL approaches for SC
decision-making. Section 3 presents the proposed framework and its main components.
Section 4 reports and discusses the results under no-disruption and demand disruption
scenarios. Section 5 concludes by outlining the contributions, limitations, and avenues for
future research.

2. Literature Review
The literature review is structured around two key SC research domains central to

this study: working capital management in SCs and the use of integrated simulation–RL
approaches for SC decision-making.

2.1. Working Capital Management in SCs

Working capital management plays a central role in SC performance because it directly
affects liquidity, profitability, and operational continuity. The cash conversion cycle (CCC),
defined as days inventory outstanding (DIO) plus days sales outstanding (DSO) minus
days payable outstanding (DPO), remains the most widely used measure of WCM efficiency.
Shorter CCC values generally reflect faster recovery of cash invested in operations and
stronger liquidity [9].

A consistent theme across empirical research is the strong relationship between CCC
and firm performance. Studies show that CCC affects profitability, returns, and market
valuation. For example, Piao et al. [10] find an inverted U-shaped relationship between CCC
and ROA, suggesting that moderate CCC levels are beneficial but excessive ones reduce
profitability. Similarly, Banerjee et al. [11] show that when CCC exceeds a threshold level,
firm stock performance deteriorates. Other studies, such as Oh et al. [12] and Thomya
et al. [13], demonstrate negative associations between CCC and return on investment,
while Pei et al. [14] highlight the trade-off between improved liquidity (via longer CCC)
and increased default risk. These findings collectively underscore that CCC is financially
consequential, and that firms must balance inventory, receivables, and payables carefully
to avoid liquidity stress and performance deterioration.

Several studies examine working capital management in the context of SC disruption.
Hofmann et al. [15] show that disruptions typically raise DIO and compel firms to adjust
DSO and DPO to stabilise the overall CCC. Building on this operational impact, Ivanov [16]
demonstrates through DES that, during disruptions, shorter payment terms upstream in
the SC can enhance resilience by improving cash flow reliability. Trade credit decisions
also become more consequential in such settings: Wu et al. [17] find that extending credit
to customers can temporarily boost sales, albeit at the cost of reduced firm value. Finally,

https://doi.org/10.3390/app16115712

https://doi.org/10.3390/app16115712


Appl. Sci. 2026, 16, 5712 5 of 25

bargaining power shapes firms’ ability to manage the CCC in turbulent conditions; Carnes
et al. [18] show that cash-rich firms can negotiate shorter CCCs, unless relational ties limit
their ability to exercise this advantage.

Recent industry research emphasises the growing strain caused by extended buyer
payment terms, particularly for small suppliers. The Hackett Group [19] reports that
payment terms have continued to lengthen across many sectors, increasing DPO and
placing greater liquidity pressure on upstream suppliers. In response to these mounting
liquidity pressures and broader working capital management challenges, Industry 4.0
technologies are increasingly shaping working capital practices. Fang [20] shows that
blockchain adoption enhances transparency and reduces CCC across SCs. Badakhshan
and Ivanov [21] demonstrate that integrating digital twin and blockchain technologies
can improve working capital management during disruptions. Samuels [22] notes that AI,
blockchain, and IoT can meaningfully improve visibility and reduce delays, although their
effectiveness depends on integration quality and organisational readiness.

Overall, the existing literature provides useful insights into how the CCC behaves
and how individual working capital levers affect performance. However, much of this
work remains largely descriptive. Most studies do not offer guidance on how firms should
optimally manage working capital under uncertainty, nor do they treat working capital
management as a dynamic process requiring continual adjustment as conditions change.
This highlights a need for modelling approaches capable of identifying optimal working
capital policies and adapting those policies as the SC environment evolves.

To address this gap, we develop an integrated simulation–RL framework for optimised
working capital management in SCs. The proposed framework enables the learning of
optimal policies and their refinement over time, which offers a more realistic and adaptive
approach to managing working capital in complex and uncertain SC settings.

2.2. Integrated Simulation–RL for SC Decision-Making

Integrated simulation–RL approaches provide a powerful methodology for addressing
the complexity, uncertainty, and interdependence characteristic of SC systems. In these
approaches, a simulation model serves as the environment within which the RL agent
interacts, making decisions, observing state transitions, and receiving feedback through
reward signals. This setup allows the agent to learn high-quality decision policies through
repeated experimentation in a controlled yet realistic representation of the SC. In SC
contexts, simulations can capture the stochastic behaviour of processes such as inventory
replenishment, production scheduling, transportation, or even cash flow timing. Reward
functions can then be designed to reflect operational goals such as cost minimisation
and service-level performance, or financial metrics such as liquidity and working capital
efficiency. This closed-loop structure offers a flexible form of simulation-based optimisation
capable of handling environments where analytical optimisation becomes intractable [23].

Early applications of integrated simulation–RL predominantly focused on inventory
management settings, particularly the well-known Beer Game environment. Chaharsooghi
et al. [24] applied Q-learning in a multi-echelon Beer Game simulation, allowing RL agents
to dynamically adjust ordering decisions and significantly reduce the bullwhip effect com-
pared with classical heuristics. Mortazavi et al. [25] extended these ideas by incorporating
value-at-risk into an RL-based ordering system for multi-tier SCs, thus capturing cost vari-
ability and risk exposure. Preil and Krapp [26] advanced this line of research by integrating
simulation with multi-armed bandit algorithms to optimise base-stock levels in stochastic
multi-echelon settings. Collectively, these studies established the value of treating SC
operational decisions as Markov decision processes (MDPs) that can be solved through
learning agents interacting with simulations.
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Advances in computational capability and deep learning techniques have driven the
adoption of deep RL (DRL) in more recent studies. DRL allows for approximating value
functions or policies in high-dimensional, continuous, or partially observable SC environ-
ments, enabling the solution of problems that were previously computationally prohibitive.
Fuji et al. [27] applied a deep multi-agent RL approach to an extended Beer Game scenario.
By embedding neural networks within the learning architecture and incorporating evolu-
tionary mechanisms, the authors enabled agents to co-evolve strategies, achieving superior
performance in cost and service levels compared with traditional approaches. Similarly,
Oroojlooyjadid et al. [28] trained deep Q-networks (DQNs) to play the Beer Game, showing
that learned policies not only matched but in some cases exceeded human decision makers
and demonstrated strong generalisation properties across changes in cost parameters and
demand distributions.

Recent studies have further expanded RL-based SC research in terms of problem
scope, algorithmic design, and system complexity. Wang et al. [29] proposed a robust
RL framework for risk-averse SC management, showing that robust RL can support SC
operations when environments deviate from training conditions. Bussieweke et al. [30]
integrated system dynamics and RL to optimise recovery policies under SC disruptions,
demonstrating the relevance of RL for disruption response and ripple effect mitigation.
Kotecha and del Rio Chanona [31] developed a multi-agent RL framework using graph neu-
ral networks for inventory control in SCs, showing how graph-based state representations
can support decentralised inventory decision-making. Liu et al. [32] applied multi-agent
DRL to decentralised multi-echelon inventory management, using centralised training with
decentralised execution to coordinate inventory decisions across SC actors. Hu et al. [33]
also investigated multi-agent DRL for decentralised multi-echelon inventory optimisation
under stochastic demand, further demonstrating the suitability of RL for adaptive inventory
control in uncertain SC environments.

Extending this trajectory, Zhou et al. [34] proposed a multi-agent DRL approach for or-
dering and inventory allocation in a decentralised two-echelon dual-channel SC. In another
contribution, Zhou et al. [35] developed an uncertainty-aware multi-agent RL approach
for joint inventory–transportation decisions, incorporating lead-time estimation into the
decision process. Collectively, these studies indicate that RL-based SC research is mov-
ing beyond simple inventory settings toward decentralised, multi-agent, and structurally
complex decision environments. However, their focus remains largely operational, with
limited attention to the joint modelling of inventory, receivables, payables, and cash flow
movements for working capital optimisation.

Beyond inventory optimisation, integrated simulation–RL methods have been applied
to a range of other SC decision domains. Studies have demonstrated the usefulness of RL-
driven strategies in dynamic delivery routing [36], production scheduling under uncertain
processing times [37], and supplier selection in competitive procurement environments [38].
Badakhshan et al. [23] document rapid growth in DES–RL models applied to multi-echelon
planning, disruption management, and real-time control in SCs. Across these applications,
simulation models capture the stochastic and interactive nature of the system, while RL
agents learn responsive policies that improve adaptively as the environment varies. This
line of research has collectively demonstrated that integrating simulation with RL offers a
promising paradigm for modelling SC problems as Markov decision processes, in which
decisions must be updated sequentially in response to evolving system conditions.

Despite these advances, applications of simulation–RL to working capital management
remain limited. Existing RL-based SC studies primarily focus on inventory dynamics and re-
lated operational outcomes, including inventory control, service levels, disruption response,
and recovery decisions. While these studies demonstrate the value of RL for adaptive oper-
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ational decision-making, they generally do not capture how inventory-oriented policies
influence receivables, payables, cash conversion, and liquidity exposure. Consequently, a
policy that performs well from an operational perspective may still be financially inefficient
if it ties up excessive capital, delays cash inflows, or shifts liquidity pressure across SC
partners. This limitation is important because working capital efficiency depends not only
on inventory management but also on the timing and magnitude of cash movements. Cur-
rent integrated simulation–RL research does not yet capture the full operational–financial
interaction that drives working capital management performance. This highlights the need
for frameworks that simulate both operational and financial elements of the SC and pair
them with RL-based policy learning.

The hierarchy of controllers evaluated in this study is selected to reflect increasing
levels of policy adaptability and learning capability. Fixed heuristic controllers provide
transparent and interpretable baselines that represent commonly used rule-based decision
structures. GA and CEM are selected as adaptive optimisation baselines because they are
established simulation-optimisation methods for searching policy parameters in complex
stochastic systems without requiring analytical gradients [6,39]. GA represents an evo-
lutionary population-based search approach [40], while CEM represents a probabilistic
sampling-based optimisation approach [41]. PPO is selected as the learning-based con-
troller because it is a stable policy-gradient RL algorithm suitable for sequential decision
problems with stochastic state transitions and multidimensional control actions [42]. This
comparison allows the study to distinguish between fixed rules, simulation-optimised
adaptive policies, and learning-based sequential control.

To address this gap, this study develops a DES environment that jointly represents
inventory flows, receivables, payables, and cash flow movements. Within this integrated
environment, an RL agent is trained to optimise working capital policies dynamically
in response to stochastic supply chain conditions. This approach allows the agent to
learn policies that reduce capital tied up in operations, an objective that has been largely
overlooked in existing simulation–RL applications.

3. Materials and Methods
3.1. Integrated DES-RL Framework

Effective management of working capital in multi-echelon SCs requires decision-
making approaches that can adapt to stochastic demand patterns, nonlinear system in-
teractions, and interdependent financial constraints. To address these challenges, this
study develops an integrated framework that combines deep RL (DRL) with a DES model,
which enables a data-driven and dynamically responsive approach to system-wide working
capital optimisation.

The proposed framework is illustrated in Figure 1, which presents the interaction
loop between the DRL agent and the DES environment. As shown, the DES model serves
as a high-fidelity digital representation of the SC, capturing operational processes such
as production and order fulfilment as well as financial activities, including cash and
credit payments.

Within this simulated environment, the DRL agent observes the evolving state of the
system and selects actions that govern production rates, replenishment order quantities,
and financial policy parameters (i.e., cash-collection policies). The DES model processes
these actions and updates the system state through event-driven operational and financial
transitions. The resulting outcomes are fed back to the agent in two ways: the state vector,
which includes inventories, backlogs, cash levels, receivables, payables, and the demand
from the previous period is used for decision-making, while the reward is computed
from a weighted combination of CCCs, backlogs, service shortfall, and retention rate,
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thereby completing the iterative learning cycle. This closed-loop interaction, depicted in
Figure 1, enables the agent to learn policies that account for delayed effects, cross-echelon
interdependencies, and nonlinear system responses.

Figure 1. Integrated DES-RL framework.

By coupling a high-fidelity simulation with an adaptive learning mechanism, the
integrated DES-RL framework enables the discovery of system-wide working capital
policies that are robust to uncertainty and complex operational dynamics. The simulation
environment exposes the agent to a broad range of scenarios, including demand disruptions,
thereby supporting the development of generalizable decision rules.

3.2. SC Configuration and Simulation Model

In this study, we consider a single-product, three-echelon serial SC comprising a man-
ufacturer, a wholesaler, and a retailer. This structure reflects the configuration commonly
observed in fast-moving consumer good (FMCG) SCs. The distribution lead time between
each upstream–downstream stage is fixed at one week. Since end customers collect their
orders directly from the retailer, no additional lead time is incurred at the final stage of
the chain. The manufacturer operates under a weekly production capacity constraint of
44,000 units.

A consolidated summary of the main simulation parameters is provided in
Supplementary Table S1 to improve reproducibility. The simulation horizon is 52 weekly
decision periods. The maximum weekly retailer order, wholesaler order, and manufacturer
production quantities are 22,000, 33,000, and 44,000 units, respectively. Initial inventory
levels are set to 17,000, 18,000, and 19,000 units for the retailer, wholesaler, and manufac-
turer, while initial cash balances are 90,000, 72,000, and 110,000 monetary units. The trade
credit period is four weeks for each echelon. Unit selling prices are 30, 25, 20, and 12 for
the retailer, wholesaler, manufacturer, and supplier-facing purchase price, respectively.
Customer demand is generated from a latent autoregressive process with base demand
9000, linear and quadratic demand coefficients of 10,000, autoregressive coefficient 0.90, and
driver noise standard deviation 0.01. The retention state is initialised at 1.00 and bounded
between 0.50 and 1.00, with recovery rate 0.05 and stockout sensitivity 0.25. These values
were held fixed across all optimisation methods so that performance differences reflect
controller behaviour rather than changes in the underlying DES configuration.

When the retailer lacks sufficient inventory to satisfy demand, unmet quantities
are backlogged. These backorders, in turn, reduce the SC’s service level, defined as the
proportion of demand fulfilled immediately from available stock.
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All members of the SC employ a periodic-review inventory policy with a one-week
review interval. At the beginning of each week, every stage evaluates its on-hand inven-
tory and work-in-progress (WIP), and subsequently issues replenishment orders to its
upstream partner.

The operational logic of each SC node follows a standardised sequence:

1. Products ordered in the previous period are received and added to the available inventory;
2. The existing inventory is used to meet downstream replenishment requests as well as

any outstanding backorders;
3. Shipments are dispatched downstream, after which inventory and WIP records are

updated and new backorders are created if the available stock is insufficient;
4. A non-negative replenishment order is placed with the upstream node based on

inventory needs and policy parameters.

In the financial flow, each SC member is required to pay a percentage of their order
value at the time of order placement. This percentage can range from 0% to 100%, with the
remaining amount paid after the trade credit period. If the cash payment share is 0%, the
entire order value is paid after the trade credit period. Conversely, if the cash payment
share is 100%, the full order value must be paid upon order placement.

To verify the DES implementation, additional diagnostic checks were conducted
and are summarised in Supplementary Table S3. These checks covered three aspects:
model verification, statistical output stability, and behavioural validation. The verification
audit tested whether the event logic preserved non-negative inventory, backlog, and
cash balances; respected order and production capacity limits; maintained affordability
constraints; updated lagged demand consistently; kept retention within bounds; and
produced non-negative loss components. Across 300 independent replications, all flow-
audit checks achieved a 100% pass rate. Behavioural validation was assessed using a
separate demand-responsive base-stock diagnostic policy to test whether the DES could
reproduce bullwhip-type variance amplification [43]. The bullwhip ratios were computed
as the variance of upstream order or production decisions relative to customer-demand
variance. These validation checks were used only to verify the internal consistency and
behavioural plausibility of the DES, not for optimisation or controller comparison.

Figure 2 shows the structure of the studied SC. The supplier provides the manufacturer
with raw materials. Final products flow from the manufacturer to the wholesaler, from
the wholesaler to the retailer, and finally to the customer. Cash flows run in the reverse
direction, with each transaction split into an immediate cash component and a deferred
credit component, which is recorded as accounts receivable (AR) for the seller and accounts
payable (AP) for the buyer.

Figure 2. Structure of the studied SC.

3.3. Markov Decision Process Formulation

As illustrated in Figure 3, each decision period begins with the agent observing a
fully settled state st. Inventory levels in st are net of shipments that arrived from the
previous period, and cash positions already reflect receivables and payables that matured
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at the start of the period. Conditional on this settled state, the agent selects collection
policies and replenishment decisions at. The environment then realises demand, executes
shipments, and records the resulting trade credit transactions. A reward rt is computed
based on service level, customer retention, backlog, inventory, and CCC components.
Finally, receivables and payables mature and in-transit shipments are received, which
yields the next settled state st+1 for the subsequent period.

Figure 3. State–action–reward sequence in one decision period.

The state vector comprises three categories of information: physical status variables,
financial status variables, and compact predictors of next-period operating conditions.
The physical state includes on-hand inventory and backlog at the retailer, wholesaler, and
manufacturer. The financial state includes cash balances at each echelon, together with
four-bucket receivable and payable profiles that approximate outstanding trade credit
obligations. The predictive state includes lagged realised demand, current retention, the
current supplier price, and the previous supplier price. Table 1 summarises the full state
vector observed at the decision epoch.

Table 1. State variables observed at the decision epoch.

State Block Variables Interpretation

Physical state It
r, It

w, It
m; Bt

r, Bt
w, Bt

m
On-hand inventory and backlog

at retailer, wholesaler,
and manufacturer.

Cash state Ct
r, Ct

w, Ct
m Liquid cash available at each

echelon at the decision epoch.

Receivables ARt,k
r, ARt,k

w, ARt,k
m,

k = 0, . . ., 3
Outstanding receivables grouped

by time-to-maturity bucket.

Payables APt,k
r, APt,k

w, APt,k
m,

k = 0, . . ., 3
Outstanding payables grouped by

time-to-maturity bucket.

Demand/retention Dt−1, Rt
Lagged realised demand and

current retention level.

Input-price signal Pt
s, Pt−1

s Current and previous supplier
prices faced by the manufacturer.

The action is a five-dimensional continuous vector. Two elements control the im-
mediate cash-collection fractions applied to wholesaler-to-retailer and manufacturer-to-
wholesaler transactions. The remaining three elements determine the retailer order, whole-
saler order, and manufacturer production quantities as fractions of their respective capacity
limits. Because buyers must pay the immediate cash component at the time of transaction,
operational decisions are automatically constrained by affordability as well as by inventory
availability. Equation (1) defines the five-dimensional action vector:

at = [µt
w, µt

m, ot
r, ot

w, pt
m] (1)

Demand is driven by a latent autoregressive factor, transformed into a nonlinear
baseline mean, then sampled with Gaussian noise, and finally filtered through the current
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retention level. In the shock experiment, this baseline is further multiplied by a temporary
exogenous shock factor over short windows. This makes the shock setting harder for
all methods because the lagged demand observed in the state becomes temporarily less
informative about the demand that is about to be realised. Equation (2) summarises this
stylised demand process:

µt = b0 + b1 zt + b2 zt
2, Dt = Rt · max (0.3 µt, N (µt, σt)) (2)

In the shock experiments, the baseline demand process is subjected to temporary
multiplicative disturbances. Specifically, the nominal mean is multiplied by a step-specific
factor ξt. For each episode, up to three non-overlapping shock windows are sampled; each
lasts between two and four periods and is buffered away from the episode boundaries so
that the policy experiences pre-shock and post-shock settling periods.

ξt = 1 outside the shock windows; ξt = mj for sj ≤ t < ej (3)

Within each shock window, the multiplier mj is sampled either from a negative interval
[0.75, 0.90] or from a positive interval [1.10, 1.25]. The realised demand process in the shock
experiment therefore becomes

Dt = Rt · max (0.3 µt ξt, N (µt ξt, σt · max (0.5, ξt))) (4)

This makes the shock benchmark a transient demand-perturbation test rather than
a permanent regime change. The controller still observes only lagged demand, retention,
and the financial–operational state, so ξt creates precisely the sort of short-run forecast
error that can expose weaknesses in a policy that relies too heavily on the most recent
demand signal.

Supplementary Table S1 reports the full set of fixed simulation parameters used in the
experiments. These include operational capacities, initial inventories and cash balances,
selling prices, trade credit periods, demand-process coefficients, retention parameters, back-
log aggregation weights, CCC denominator floors, CCC echelon weights, the CCC penalty
threshold, reward weights, episode length, and random-seed handling. The same param-
eterisation is used across all controllers and both experimental settings unless explicitly
stated otherwise.

3.4. Reward and Working Capital Formulation

The one-period reward is the negative of a weighted loss. Four managerial failure
modes are penalised: unmet customer demand, deterioration in customer retention, accu-
mulated backlog across echelons, and excessive working capital intensity through the cash
conversion cycle. The first three terms capture service quality and operational pressure.
The fourth term is what makes the benchmark economically distinctive: a policy is not
credited merely for moving inventory, but for doing so while keeping working capital
proportional to realised throughput. Equation (5) states the reward construction:

Lt = A* St + B* ∆Rt + C* Bt + D* CCCt, rt = −Lt (5)

The reward weights were selected to encode a managerial priority ordering rather
than to represent universal economic constants. Service failure and retention deterioration
receive the largest penalties because they directly affect customer-facing performance and
future demand potential. Backlog receives an intermediate penalty because it reflects
operational congestion and delayed fulfilment across the chain. The CCC term receives a
lower but persistent penalty because working capital exposure is important, but the aim
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is not to minimise CCC at the expense of service and retention. The baseline weights are
therefore set to prioritise avoidance of customer-facing deterioration while still discouraging
excessive working capital intensity. Because these weights influence the optimisation
landscape, supplementary reward-weight sensitivity analyses were conducted to assess
whether the main conclusions remain stable under representative perturbations of the
service/backlog and CCC terms.

The service-loss component is the normalised fresh shortfall. If Ft denotes the fresh
unmet demand in period t and D denotes the nominal demand scale, then

St = Ft/D (6)

Retention is deliberately modelled as a dynamic state rather than as a static penalty.
The stockout rate is ψt = Ft/max(Dt, 1), so the immediate retention damage rises with
both the fraction of current demand that goes unmet and the latent-demand condition zt.
Recovery is gradual rather than immediate, which yields the next-period retention law

ψt = Ft/max(Dt, 1) (7)

Rt+1 = clip(Rt − λ(0.5 + zt) ψt + ρ(1 − Rt), Rmin, Rmax) (8)

The retention-loss term that enters the reward is then the normalised one-step deterioration

∆Rt = max(0, Rt − Rt+1)/(1.5 λ) (9)

This construction is important economically. A stockout does not only create an
immediate service penalty; it also lowers future effective demand through Rt, which means
repeated service failures can damage the system beyond the current period.

Backlog is aggregated across echelons with weights that reflect managerial urgency.
Retailer backlog carries the highest weight because it is closest to the customer, while
upstream backlog is discounted:

Bt = (ωr·Bt
r + ωw·Bt

w + ωm·Bt
m)/D (10)

The CCC term is defined echelon by echelon. Pre-transition inventory is valued at the
relevant upstream cost proxy because it represents capital already tied up before the current
decision is executed. Post-transition receivables and payables are then divided by realised
sales and cost-of-goods-sold (COGS) denominators, respectively. To prevent numerical
explosions in very low-throughput periods, the sales and COGS denominators are stabilised
with positive floors. Each echelon CCC is then penalised only above a threshold, which
means the reward does not punish every unit of working capital equally; it punishes
economically excessive exposure. Equation (10) gives the echelon-wise CCC term:

CCCt
e = Vinv,t

e,pre/COGSt
e + ARt

e,post/Salest
e − APt

e,post/COGSt
e (11)

The aggregate CCC penalty used in the reward is a thresholded weighted sum of the
echelon-wise raw CCC values. If τ is the penalty threshold and ηr, ηw, and ηm are the
echelon weights, then

CCCt = ηr · max(CCCt
r − τ, 0) + ηw · max(CCCt

w − τ, 0) + ηm · max(CCCt
m − τ, 0) (12)

The threshold τ is treated as a design parameter that defines the point at which working
capital exposure becomes economically excessive relative to throughput. A thresholded
formulation is used because some inventory, receivables, and payables are necessary for
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normal operation; the reward should therefore penalise disproportionate exposure rather
than every unit of working capital. The baseline value τ = 0.30 was selected to activate the
CCC penalty only when echelon-wise exposure moved beyond a moderate operating range.
To test whether the conclusions depend on this choice, a supplementary sensitivity analysis
varied τ around the baseline specification and compared the resulting PPO performance.
This analysis is reported in the Supplementary Materials and is used to verify that the main
conclusions are not driven by a single CCC-threshold setting.

The reward therefore penalises working capital exposure only once the echelon-wise
CCC terms move into an economically inefficient regime. This avoids punishing every
unit of inventory or trade credit equally and instead focuses the optimisation on excessive
exposure relative to throughput.

This design creates an intuitive economic interpretation. A policy can increase sales
and still be rewarded if it does not allow receivables and inventory to expand dispropor-
tionately. Conversely, a policy that carries stock and defers collection without maintaining
throughput will see the CCC term increase. This is why some methods in the experi-
ments achieve very low backlog but do not dominate the reward: they gain on service but
surrender part of that gain by carrying a less efficient working capital profile.

3.5. Experimental Protocol and Statistical Reporting

All controllers were evaluated under the same DES environment, state representation,
action bounds, reward formulation, and episode horizon. The no-disruption benchmark
evaluates performance under the baseline latent-demand process, while the disruption
benchmark introduces temporary multiplicative demand shocks. In the main disruption
experiment, shock windows may be positive or negative across the evaluation distribution,
providing an aggregate robustness test under transient demand perturbations.

To account for stochasticity in both training and evaluation, the experiments were con-
ducted using three independent training seeds: 42, 123, and 3000. For each controller, one
policy was trained per seed. Each trained policy was then evaluated over 5000 independent
stochastic episodes using a fixed evaluation-seed protocol. Performance was summarised
using pooled episode-level statistics across the final evaluation episodes. The three training
seeds ensure that the reported evaluation sample includes independently trained policies,
while the pooled summaries capture variability across stochastic evaluation episodes. The
main reported diagnostics are mean episode return, service shortfall, backlog, CCC loss,
retention, inventory, and cash. Standard deviations and 95% confidence intervals were
computed to distinguish systematic performance differences from simulation noise.

Additional supplementary analyses were conducted to address robustness of the ex-
perimental specification. First, the CCC penalty threshold was varied around the baseline
value. Second, the reward-weight specification was perturbed by increasing the relative
emphasis on service/backlog terms and on the CCC term. Third, because the main dis-
ruption setting can pool different shock directions, a controlled shock-direction analysis
was conducted using saved trained PPO policies. In this analysis, the same PPO policies
were re-evaluated under episodes containing only positive demand shocks and episodes
containing only negative demand shocks. This controlled evaluation avoids ambiguity
from mixed-shock episodes and tests whether PPO’s disruption performance is driven by
one specific shock direction.

3.6. Optimisation Approaches

All five methods control the same environment and produce the same five action
components. The substantive difference lies in the structure imposed on the policy and the
mechanism used to search for good parameter values. The benchmark was intentionally
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built as a ladder of modelling commitments. The fixed-threshold methods impose the
strongest structure and are easiest to interpret. The adaptive threshold methods relax
that structure by allowing targets to respond to state signals. PPO removes the threshold
template entirely and learns a direct nonlinear mapping from state to action.

Formally, every controller defines a state-to-action mapping at = πθ(xt), where xt is
the settled state and at = [µt

w, µt
m, ot

r, ot
w, pt

m] collects the two cash-collection decisions
and the three capacity-scaled replenishment decisions. The search-based approaches differ
in the structure imposed on πθ and in the way the parameter vector θ is optimised; PPO
differs because it learns πθ directly as a nonlinear policy.

at = πθ(xt) = [µt
w, µt

m, ot
r, ot

w, pt
m] (13)

3.6.1. Simple CEM

Simple CEM uses a five-parameter policy. Two parameters define the cash-collection
fractions applied to wholesaler and manufacturer sales, while three parameters define
fixed-target inventory positions for the retailer, wholesaler, and manufacturer. Let the
echelon inventory position be the difference between on-hand inventory and backlog. If
the target exceeds the current inventory position, the policy orders or produces enough to
close the gap, subject to capacity and affordability constraints. Because the targets are fixed,
this controller cannot respond explicitly to lagged demand or retention pressure.

IPt
e = It

e − Bt
e (14)

ot
r = clip((Tr − IPt

r)/Omax
r, 0, 1) (15)

θi
(g) ∼ N (µ(g), diag(σ2(g))) (16)

The Simple CEM parameter vector is θ = [µw, µm, Tr, Tw, Tm]. Here Tr, Tw, and Tm are
fixed-target inventory positions for the retailer, wholesaler, and manufacturer. The policy is
therefore static in the sense that the same targets are used in every state, and any variation
in realised actions arises only through current inventory positions, affordability constraints,
and capacity limits.

θ = [µw, µm, Tr, Tw, Tm] (17)

CEM then optimises this vector by repeatedly sampling a Gaussian population, eval-
uating each candidate over multiple episodes, retaining the elite fraction, and updating
the sampling distribution toward the elite mean and dispersion. In other words, it is a
distribution-based optimiser over a deliberately simple and interpretable policy class.

CEM searches over this parameter vector by sampling a population from a Gaussian
distribution, evaluating each candidate over multiple episodes, keeping the elite fraction,
and updating the Gaussian toward the elite mean and elite standard deviation. In practice,
Simple CEM is a disciplined direct-search baseline: it is interpretable, but only as expressive
as the fixed-threshold structure it is allowed to optimise.

3.6.2. Simple GA

Simple GA uses the same five-parameter fixed-threshold policy as Simple CEM. The
difference lies only in the search mechanism. Instead of maintaining and updating a
parametric sampling distribution, the genetic algorithm keeps an explicit population of
candidate parameter vectors, selects parents by tournament selection, creates children by
blend crossover, and perturbs individual genes by Gaussian mutation.

θchild = λ θ1 + (1 − λ) θ2 (18)
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θj,new = θj + 1(uj < pmut) · εj (19)

Simple GA searches over the same fixed-threshold vector θ = [µw, µm, Tr, Tw, Tm],
so any performance difference relative to Simple CEM comes from the optimiser rather
than from the policy class. Tournament selection, blend crossover, and Gaussian mutation
allow the algorithm to preserve multiple promising threshold rules simultaneously and
refine them over generations without imposing a single Gaussian search distribution on
the population.

The managerial interpretation is straightforward. Simple GA still searches for a static
policy, but the population-based search can exploit multiple local improvements at once
and can therefore fine-tune a fixed rule more aggressively than a single Gaussian search
distribution. In the empirical results, this is why Simple GA generally improves on Simple
CEM even though the underlying policy class is unchanged.

3.6.3. Adaptive CEM

Adaptive CEM expands the policy class from five to eleven parameters. Each echelon
target is now allowed to vary with lagged demand and retention pressure. This means
the retailer, wholesaler, and manufacturer each have a base target, a demand-response
coefficient, and a retention-pressure coefficient. The collection-policy parameters remain
explicit decision variables. The search procedure is the same CEM logic described above,
but it is now operating over a more expressive policy family.

Tt
e = αe + βe Dt−1 + γe (1 − Rt) (20)

The adaptive threshold vector expands to θ = [µw, µm, αr, αw, αm, βr, βw, βm, γr,
γw, γm]. The αe parameters define base-stock targets, the βe coefficients determine how
strongly each echelon responds to lagged demand, and the γe coefficients determine how
strongly it reacts when retention weakens.

θ = [µw, µm, αr, αw, αm, βr, βw, βm, γr, γw, γm] (21)

Tt
e = αe + βe Dt−1 + γe (1 − Rt) (22)

Adaptive CEM therefore retains full interpretability—the decision rule is still a trans-
parent threshold law, but it allows the targets themselves to move with the state. The CEM
search then operates over this richer eleven-dimensional parameterisation.

This policy is still fully interpretable. A positive demand coefficient means the echelon
raises its target when the lagged signal is high; a positive retention-pressure coefficient
means the echelon increases protection stock when retention is already under threat. The
weakness is that responsiveness is still linear and threshold-based. Under baseline con-
ditions this can be enough to improve materially on a fixed rule, but under shocks the
lagged demand signal can become misleading precisely when the policy most wants a
good forecast.

3.6.4. Adaptive GA

Adaptive GA retains the same eleven-parameter adaptive threshold law as Adap-
tive CEM but changes the optimiser from cross-entropy search to evolutionary popula-
tion search.

Adaptive GA uses the same eleven-parameter adaptive threshold law as Adaptive
CEM but optimises it through evolutionary population updates rather than Gaussian
elite updates. Because the adaptive parameter space is richer and more multimodal than
the fixed-threshold space, the genetic algorithm can preserve several promising state-
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responsive policies simultaneously and recombine them across generations. This is why
Adaptive GA often delivers a stronger stationary trade-off between service, backlog, and
CCC than the simpler search baselines.

3.6.5. Proximal Policy Optimisation (PPO)

PPO removes the handcrafted threshold map altogether. A neural policy reads the full
observed state and outputs the five action components directly. This gives PPO the highest
representational flexibility of all methods in the benchmark. Because the objective is the
expected cumulative reward, PPO is not tuned to minimise one metric at a time. It learns a
compromise over service, backlog, retention, and working capital efficiency as expressed
by the reward function.

maxφ E[min(rt(φ) Ât, clip(rt(φ), 1 − ε, 1 + ε) Ât)] (23)

In PPO, the control law is not written as a threshold formula at all. Instead, a neural
policy reads the full settled state and directly outputs the five action components, while a
value network estimates continuation value to stabilise policy updates.

at ~ πφ(· | xt), Vφ(xt) ≈ E[∑k≥0 γk rt+k | xt] (24)

This means PPO can exploit nonlinear interactions among inventories, backlogs, cash
balances, receivables, payables, lagged demand, retention, and supplier prices that are
inaccessible to the linear threshold maps used by the search-based approaches. The cost of
that flexibility is lower coefficient-level interpretability.

The clipped surrogate objective is important because it stabilises learning while still
allowing the policy to improve from experience. Relative to the structured methods, PPO
sacrifices some interpretability but can discover nonlinear state–action relationships that a
threshold policy cannot express.

To partially address the lower transparency of PPO, a post hoc surrogate interpretabil-
ity analysis was conducted. State–action trajectories were collected from the saved PPO
policies, and a separate Random Forest surrogate was trained to approximate each of the
five PPO action components from the observed state variables. Surrogate fidelity was
evaluated on held-out episodes. Random Forest feature importance was then reported as
the top-ten state variables for each PPO action component, rather than as grouped impor-
tance scores, so that the interpretation remains directly tied to observable state variables.
This analysis was used only for interpretation and did not affect policy training, evalua-
tion, or optimisation. The resulting feature-importance values are therefore interpreted as
surrogate-based associations rather than causal explanations of the internal neural policy.

To ensure reproducibility and comparability, the main optimisation settings are sum-
marised in Table 2. All methods use the same DES environment, state representation,
action bounds, reward formulation, and episode horizon. The search-based methods are
evaluated using the same population size, optimisation horizon, number of stochastic
simulations per candidate during training, and final evaluation protocol. Simple CEM and
Simple GA optimise a five-parameter fixed-threshold policy, while Adaptive CEM and
Adaptive GA optimise an eleven-parameter state-responsive threshold policy. PPO learns
a direct nonlinear state–action mapping using the same five action components and action
bounds. Each method was trained using the independent random seeds 42, 123, and 3000,
and each trained policy was subsequently evaluated over 5000 stochastic episodes.
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Table 2. Optimisation and evaluation settings.

Method Training and Optimisation Settings Final Evaluation

Simple CEM

Policy: 5-parameter fixed-threshold rule.
Seeds: 42, 123, 3000.
CEM settings: population = 200; iterations = 150; elite fraction = 0.20.
Training fitness: 8 stochastic simulations per candidate.

5000 episodes
per trained seed

Simple GA

Policy: 5-parameter fixed-threshold rule.
Seeds: 42, 123, 3000.
GA settings: population = 200; generations = 150; elitism = 6; crossover
probability = 0.90; mutation probability = 0.30; tournament size = 3.
Training fitness: 8 stochastic simulations per candidate.

5000 episodes
per trained seed

Adaptive CEM

Policy: 11-parameter adaptive threshold rule.
Seeds: 42, 123, 3000.
CEM settings: population = 200; iterations = 150; elite fraction = 0.20.
Training fitness: 8 stochastic simulations per candidate.

5000 episodes
per trained seed

Adaptive GA

Policy: 11-parameter adaptive threshold rule.
Seeds: 42, 123, 3000.
GA settings: population = 200; generations = 150; elitism = 6; crossover
probability = 0.90; mutation probability = 0.30; tournament size = 3.
Training fitness: 8 stochastic simulations per candidate.

5000 episodes
per trained seed

PPO

Policy: neural state–action mapping.
Seeds: 42, 123, 3000.
Training budget: 5,000,000 timesteps.
Settings: learning rate = 5 × 10−5; rollout length = 2048; batch size = 256;
gamma = 0.995; GAE lambda = 0.95; clip range = 0.20; entropy
coefficient = 0.002; value coefficient = 0.50; hidden layers = [256, 256].

5000 episodes
per trained seed

The training evaluation budget and final evaluation budget serve different roles.
During CEM and GA optimisation, each candidate policy is evaluated over eight stochastic
simulations to estimate its fitness within the search process. After training, the best policy
obtained from each training seed is evaluated over 5000 independent episodes to obtain
stable performance estimates. For PPO, training is conducted for 5,000,000 environment
timesteps, after which the saved policy from each training seed is evaluated over the same
5000-episode final evaluation protocol.

Further reproducibility and robustness details are provided in the Supplementary
Materials. These include the full simulation parameter table, optimisation hyperparameters,
DES verification and bullwhip validation outputs, pooled evaluation summaries, CCC-
threshold sensitivity, targeted reward-weight sensitivity, controlled shock-direction analysis,
representative dynamic diagnostic plots, and PPO surrogate fidelity and top-ten feature-
importance results.

To improve methodological transparency, all experimental settings were kept consis-
tent across controllers unless a supplementary sensitivity test explicitly changed one compo-
nent. The DES parameterisation, including demand-process coefficients, initial inventories
and cash balances, capacity limits, trade credit periods, retention parameters, backlog
weights, the CCC threshold, and reward weights, is reported in the Supplementary Ma-
terials. The optimisation settings for CEM, GA, and PPO are also reported explicitly,
including population sizes, iteration or generation counts, PPO learning parameters, train-
ing seeds, and final evaluation episodes. This separation ensures that the main experiments
compare differences in policy structure and learning capability rather than differences in
environment specification, evaluation budget, or reporting procedure.
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4. Results
4.1. No-Disruption

The no-disruption scenario evaluates all five controllers under the baseline latent-
demand process, absent any exogenous shocks. The primary comparison is therefore not
simply the mean return each method achieves, but the operational pathways through
which those returns are generated. Improvements in reward can arise from several sources,
suppressing service shortfalls, reducing backlog accumulation, protecting customer re-
tention, operating with a lower CCC penalty, or some combination thereof. Reporting
multiple diagnostics in parallel makes it possible to distinguish policies that deliver genuine
economic improvements from those that merely shift costs or congestion across different
parts of the system.

Table 3 shows that Adaptive GA achieves the best mean return in the no-disruption
benchmark, while PPO delivers the strongest customer-facing performance. PPO has the
lowest service shortfall, the lowest backlog, and the highest retention, but it does not
minimise the CCC loss; Adaptive CEM and Adaptive GA achieve lower average CCC
penalties. The no-disruption result therefore indicates a trade-off rather than uniform
dominance. Adaptive GA provides the strongest overall structured-policy performance
under stable demand, whereas PPO uses its nonlinear state–action mapping to protect
service and backlog more aggressively while accepting a higher working capital penalty.

Table 3. No-disruption results (mean ± SD).

Method Average Cash Total
Average

Inventory
Total

Average
Retention

Average
CCC Loss

Average
Backlog Total

Average
Service

Shortfall
Mean Return

Simple
CEM 8,407,197 ± 128,701 54,589 ± 551 0.9965 ± 0.0053 0.159 ± 0.024 170.29 ± 244.70 18.22 ± 25.33 −10.52 ± 3.22

Simple GA 8,405,438 ± 130,697 54,950 ± 644 0.9969 ± 0.0048 0.165 ± 0.025 113.14 ± 194.36 16.20 ± 23.26 −10.32 ± 2.71

Adaptive
CEM 8,415,817 ± 129,184 54,084 ± 211 0.9970 ± 0.0038 0.148 ± 0.016 194.25 ± 193.44 15.44 ± 18.55 −10.14 ± 2.40

Adaptive
GA 8,415,911 ± 132,644 54,542 ± 273 0.9977 ± 0.0043 0.156 ± 0.018 83.83 ± 108.43 12.01 ± 23.70 −9.47 ± 2.03

PPO 8,409,099 ± 133,780 55,869 ± 1920 0.9989 ± 0.0027 0.178 ± 0.038 8.88 ± 14.04 5.30 ± 12.79 −9.61 ± 1.97

Values are reported as mean ± standard deviation over 15,000 evaluation episodes,
corresponding to three independently trained policies and 5000 evaluation episodes per
trained seed. Full pooled confidence intervals are provided in the Supplementary Materials.

Figure 4 complements Table 3 by summarising the pooled episode-return distributions
and the metric-wise rankings across the five methods in the no-disruption benchmark.
The return distribution shows the strongest stationary performance for Adaptive GA,
while the rank heatmap shows that PPO ranks first on service shortfall, backlog, retention,
and the corresponding service- and retention-related losses. The combined evidence
indicates that no-disruption performance is governed by a trade-off: Adaptive GA provides
the best overall structured-policy return, whereas PPO provides the strongest customer-
facing and operational robustness. Detailed pooled confidence intervals are reported in
Supplementary Table S4.

4.2. Demand Disruption

The demand disruption scenario retains the same settled-state logic, reward structure,
and policy classes as the no-disruption benchmark, but introduces short-lived multiplicative
shocks to customer demand. These shocks are not observed directly by the policy: the agent
still observes only the lagged demand signal, retention, and the financial–operational state.
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The experiment therefore tests not only robustness, but a specific managerial capability:
how effectively each controller contains service and working capital damage when realised
demand temporarily deviates from what the lagged signal would suggest.

Figure 4. No-disruption summary plots: (a) pooled episode-return boxplot; (b) rank heatmap across
the main performance metrics.

The shock process takes the form of a temporary multiplicative perturbation to the
nominal demand mean rather than a permanent change in the latent autoregressive law.
In each episode, up to three non-overlapping shock windows are sampled, each lasting
between two and four periods and buffered away from the episode boundaries. Within a
shock window, the multiplier mj is drawn from either [0.75, 0.90] to generate a negative
shock or [1.10, 1.25] to generate a positive shock:

ξt = mj for sj ≤ t < ej, with mj ∈ [0.75, 0.90] or mj ∈ [1.10, 1.25]; ξt = 1 otherwise (25)

Realised demand is thus generated from the shocked mean. Because policies observe
only lagged demand and not the contemporaneous shock, the disruption benchmark
measures how gracefully each controller degrades when the most recent demand signal
becomes temporarily misleading. Table 4 reports the resulting performance under demand
disruption µtξtξt.

Table 4. Demand disruption results (mean ± SD).

Method Average Cash
Total

Average
Inventory

Total

Average
Retention

Average
CCC Loss

Average
Backlog Total

Average
Service

Shortfall
Mean Return

Simple
CEM 8,205,667 ± 175,799 63,500 ± 1105 0.9804 ± 0.0185 0.361 ± 0.053 621.65 ± 545.11 106.01 ± 94.04 −29.20 ± 10.65

Simple GA 8,199,368 ± 174,282 63,108 ± 1556 0.9787 ± 0.0192 0.356 ± 0.057 656.38 ± 599.64 114.68 ± 97.21 −29.57 ± 11.07

Adaptive
CEM 8,211,331 ± 169,942 61,050 ± 644 0.9769 ± 0.0168 0.324 ± 0.035 419.48 ± 317.26 123.61 ± 86.18 −26.78 ± 8.02

Adaptive
GA 8,228,635 ± 172,763 59,649 ± 1780 0.9756 ± 0.0236 0.289 ± 0.036 356.09 ± 300.85 134.42 ± 125.67 −25.09 ± 8.10

PPO 8,314,267 ± 206,826 62,655 ± 1609 0.9960 ± 0.0078 0.314 ± 0.038 248.68 ± 283.60 24.55 ± 48.78 −19.27 ± 3.36

All controllers deteriorate when realised demand diverges from the lagged signal,
but the extent of deterioration differs substantially. The fixed-threshold methods incur the
weakest disruption performance, with high service shortfall and backlog. Adaptive GA and
Adaptive CEM improve the mean return relative to the fixed baselines, confirming the value
of state-dependent threshold adjustment under disruption. PPO remains clearly strongest
overall: it achieves the best mean return, the lowest service shortfall, the lowest backlog,
and the highest retention. However, PPO does not dominate every individual metric;
Adaptive GA has the lowest average CCC loss under disruption. The disruption results
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therefore show that PPO’s advantage comes from a superior overall balance, especially
in service and backlog containment, rather than from uniformly minimising working
capital exposure.

Figure 5 provides an aggregate view of controller robustness under temporary demand
disruption. The episode-return distribution shows that PPO achieves the most favourable
disrupted performance, with a tighter and higher-return interquartile range than the other
controllers. The rank heatmap confirms that PPO ranks first on overall return, service
shortfall, backlog, cash, retention, and the associated service- and backlog-related losses,
while Adaptive GA remains the best performer on the CCC-loss metric. This supports the
interpretation from Table 4 that PPO provides the strongest disruption robustness overall,
but does not dominate every individual metric.

Figure 5. Demand disruption summary plots: (a) pooled episode-return boxplot; (b) rank heatmap
across the main performance metrics.

4.3. Supplementary Robustness and Interpretability Checks

Supplementary analyses were used to verify that the main conclusions are not artefacts
of a single simulation specification. The DES verification and bullwhip validation outputs
are reported concisely in Supplementary Table S3. The controlled shock-direction analysis
re-evaluates the saved PPO policies under episodes containing only positive demand shocks
and only negative demand shocks; these results are reported in Supplementary Table S5.
Positive shocks produce materially higher service shortfall and backlog than negative
shocks, while negative shocks generate higher CCC-loss exposure, confirming that the
pooled disruption result is not driven by a single shock direction.

The CCC-threshold and targeted reward-weight sensitivity analyses are reported
in Supplementary Tables S6 and S7. The CCC-threshold sensitivity analysis was con-
ducted over three PPO seeds, while the targeted reward-weight sensitivity analysis was
conducted on one PPO seed as a behavioural sensitivity check. These experiments fo-
cus on CCC loss, inventory, backlog, and retention rather than on absolute return values
because changing reward weights or the CCC threshold changes the reward scale itself.
They are therefore interpreted as behavioural sensitivity checks rather than direct return
comparisons across reward specifications. PPO interpretability is assessed through Ran-
dom Forest surrogate models trained to approximate each PPO action component from
observed state variables. The surrogate fidelity and top-ten feature-importance results
are reported in Supplementary Tables S8 and S9. Representative dynamic diagnostics for
the no-disruption and disruption settings are provided in Supplementary Figures S1–S12.
These results are interpreted as post hoc surrogate associations rather than causal explana-
tions of the neural policy.
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5. Concluding Discussion
This study examined alternative control architectures for a multi-echelon SC oper-

ating under delayed demand information, comparing fixed heuristic policies, adaptive
parametric policies, and a reinforcement learning controller under both no-disruption and
demand disruption conditions. The key finding is that the relative value of each controller
depends strongly on the operating environment. In the no-disruption setting, Adaptive GA
achieved the strongest mean return, showing that a well-tuned adaptive parametric policy
can be highly effective when demand evolves within a stable stochastic regime. Under
demand disruption, however, PPO showed a clear advantage, achieving the strongest
overall return while substantially reducing service shortfall, backlog, and retention loss.
This suggests that PPO’s main value lies not in uniformly dominating all metrics under all
conditions, but in providing greater resilience when lagged demand information becomes
temporarily misleading.

The results suggest a clear hierarchy of practical usefulness. Simple CEM and Simple
GA serve as transparent fixed-rule baselines. Their value lies precisely in their interpretabil-
ity: managers can readily explain their logic, implement them with low overhead, and
stress-test their behaviour under alternative scenarios. This confirms findings from recent
inventory management studies showing that fixed-threshold or base-stock rules remain
attractive in practice due to their simplicity and governance advantages, even though
they underperform in dynamic environments [44,45]. However, the results also reaffirm a
structural limitation of such policies: because their targets are static, they cannot react to
changes in the observed operating state, leading to persistent backlog accumulation and
service shortfalls as demand conditions evolve.

Allowing protection targets to depend on the state of the system addresses this struc-
tural weakness. Both Adaptive CEM and Adaptive GA improve performance by condi-
tioning decisions on lagged demand and retention pressure, consistent with recent work
on adaptive and digitally enabled SC control showing that state dependence improves
demand–supply coordination under delayed information [46,47]. Within this class, Adap-
tive GA emerges as the strongest stationary performer. Evolutionary search identifies
more effective state-contingent mappings than uniform or manually specified threshold
adjustments, yielding better coordination across echelons while preserving operational and
financial stability.

The demand disruption results reveal an important boundary of parametric adapta-
tion that has received limited attention in the existing literature. When realised demand
temporarily deviates from otherwise informative lagged signals, adaptive threshold-based
policies respond indirectly and with delay. Because adjustments are triggered only after
backlog or retention has already deteriorated, backlog and working capital stress escalate
during disruption windows. This finding refines recent claims about the robustness of adap-
tive heuristics by showing that state dependence alone is insufficient when informational
mismatch is short-lived rather than structural.

The RL controller adds a further layer of flexibility by learning the state–action map-
ping directly, but its advantage is most pronounced under disruption rather than in the
stationary benchmark. Its strong disruption performance aligns with recent studies demon-
strating that policy-gradient methods such as PPO can outperform classical and adaptive
heuristics in complex, stochastic SC environments by internalising delayed feedback and
nonlinear dynamics [23,48]. In this respect, the results corroborate the growing consensus
that learned policies are particularly effective when system behaviour is difficult to specify
analytically and when short-term informational mismatch requires rapid coordination
across multiple decision levers.
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Crucially, PPO is not the best method because it minimises the cash conversion cycle in
isolation. Rather, it achieves a strong overall balance across the reward components. In the
stationary setting, PPO sharply reduces service shortfall and backlog while keeping CCC
exposure within a controlled range, although Adaptive CEM and Adaptive GA achieve
lower average CCC-loss values. This explicit demonstration of coordinated operational–
financial control extends much of the existing reinforcement learning literature, which
often embeds financial considerations only as aggregated cost terms. The results show that
learned policies can stabilise working capital dynamics while simultaneously improving
service and backlog outcomes, rather than optimising one objective in isolation.

The disruption benchmark provides the clearest evidence of PPO’s practical value.
While all controllers deteriorate when demand signals become temporarily misleading, PPO
maintains greater stability in service shortfall, backlog, retention, and overall return. Its
CCC loss is not the lowest in the disruption benchmark; Adaptive GA achieves the lowest
average CCC-loss term. The PPO advantage should therefore be interpreted as a superior
operational–financial trade-off rather than uniform dominance across all individual metrics.
This behaviour reflects PPO’s ability to redistribute stress dynamically across operational
and financial levers without inducing severe service or backlog instability.

The supplementary robustness checks reinforce this interpretation. The controlled
shock-direction analysis shows that the PPO result is not an artefact of pooling positive
and negative disruptions, while the CCC-threshold and reward-weight analyses show
how CCC loss, inventory, backlog, and retention respond to reasonable reward-design
perturbations. The surrogate analysis further indicates that PPO decisions can be approxi-
mated by interpretable state-dependent relationships, with the top-ranked features aligning
with operational and financial state variables such as lagged demand, inventories, cash,
payables, and receivables. The surrogate should not be read as a causal explanation of the
neural policy, but it provides useful evidence that the learned actions are not arbitrary.

From a managerial perspective, the results indicate that interpretable threshold-based
policies remain valuable when transparency, ease of implementation, and governance
considerations are paramount. These rules are well suited to relatively stable environments
where decision logic must be simple, auditable, and easy to communicate across the organi-
sation. Adaptive parametric policies provide substantial improvements when moderate
responsiveness is required, allowing managers to handle variability without fully abandon-
ing familiar control structures. However, when operating conditions become sufficiently
volatile that fixed or linearly adaptive rules cannot respond adequately to temporary infor-
mational mismatches, direct policy learning becomes increasingly attractive as it enables
coordinated adjustment across service levels, backlogs, and working capital exposure.

This study has several limitations that should be acknowledged. First, it focuses
on demand uncertainty and temporary demand shocks and does not incorporate other
important sources of uncertainty in SCs such as stochastic lead times, supplier availability
and reliability, transportation disruption, contractual frictions, or strategic decentralised
decision-making. Second, the informational structure is deliberately restricted to lagged
demand and observed operational–financial state variables; although this reflects many
practical decision environments, results may differ if real-time point-of-sale information,
early-warning indicators, or richer forecasting signals are available. Third, the disruption
analysis is based on stylised temporary multiplicative shocks rather than empirically
calibrated disruption processes. The controlled positive- and negative-shock analysis is
therefore best interpreted as a robustness check rather than a calibrated representation
of a specific industry disruption. Fourth, although PPO is examined through Random
Forest surrogate models, this provides post hoc interpretability rather than a direct causal
explanation of the neural policy. Finally, while the policy classes span a meaningful
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hierarchy from fixed heuristics to adaptive parametric policies and reinforcement learning,
the set is not exhaustive; other hybrid, decentralised, or forecast-augmented controllers
may offer different trade-offs between transparency and performance.

Future work could extend the proposed framework along several dimensions. A first
step is to introduce additional sources of operational complexity, including stochastic lead
times and supplier-side disruptions, to assess whether the observed hierarchy of controllers
persists in richer and more realistic environments. Another promising direction is the
exploration of hybrid control architectures that combine interpretable parametric structures
with learning-based components, potentially improving the trade-off between transparency
and performance. For example, residual RL could be used to augment threshold-based
policies with learned corrective adjustments. Alternatively, forecast-augmented control
could update policy parameters online using machine learning demand predictions while
retaining familiar heuristic structures. Further research could also examine robustness
to deeper forms of non-stationarity, such as permanent demand shifts or evolving cus-
tomer behaviour. Finally, empirical validation using real operational data or high-fidelity
digital twin implementations would be valuable for assessing practical deployability and
quantifying achievable operational and financial gains in real-world settings.
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