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Abstract 

Coordinating production and inventory decisions under uncertain demand remains difficult, as most 

existing approaches rely on predefined demand assumptions and loosely connect simulation with 

optimization. This study develops a reinforcement learning framework to support joint decision-

making in such environments. The system is described as a Markov decision process, where demand 

dynamics are incorporated into the state representation and linked to a profit-oriented reward structure. 

Policy learning is implemented using a modified proximal policy optimization scheme to improve 

stability and responsiveness under demand fluctuations. The learning process is embedded within a 

discrete-event simulation environment, allowing continuous interaction between decision updates and 

system evolution. Experiments across multiple demand scenarios show that the proposed approach 

achieves consistently higher profit levels while reducing stockout risk and improving inventory 

stability compared with conventional policies and standard reinforcement learning methods. 
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1. INTRODUCTION 

The intensification of global supply chain fluctuations [1, 2] and the trend of market demand 

fragmentation [3] make the coordinated optimization of production planning, inventory 

control, and profit maximization a key factor for manufacturing enterprises to enhance core 

competitiveness [4]. Market demand often exhibits characteristics of trend, seasonality, and 

sudden fluctuations. Traditional production simulation and optimization methods are difficult 

to adapt to such dynamic uncertainty [5, 6], resulting in imbalance between production and 

inventory decisions, and constraining the improvement of enterprise profit and operational 

stability. Existing studies still have obvious gaps. Traditional coordinated modelling mostly 

adopts a hierarchical optimization mode [7], in which production planning is formulated first, 

then inventory is regulated, and finally profit is calculated. This approach cannot achieve 

dynamic coordination among the three and is prone to generating suboptimal solutions and 

difficult to adapt to dynamic changes in demand distribution. Existing achievements of deep 

reinforcement learning in production simulation [8, 9] mostly ignore the accurate capture of 

demand temporal features, and the coupling degree between policy training and the 

simulation environment is insufficient, resulting in low training efficiency and lack of 

robustness. The integration of production simulation and intelligent optimization is mostly in 

an offline separated state [10, 11], lacking a real-time interactive integrated mechanism, 

which cannot realize the online adaptive update of strategies and is difficult to cope with 

sudden changes in market demand. These problems together constitute the core bottleneck of 

coordinated optimization of production–inventory–profit under uncertain demand, and it is 

urgent to construct a new simulation optimization paradigm to solve them. 

To solve the above problems, this paper constructs a production–inventory–profit 

coordinated simulation optimization framework adapted to uncertain demand, realizes the 

dynamic coordination of production planning, inventory control, and profit maximization, 
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improves the profit level and demand fluctuation resistance of the production system, 

provides a new intelligent optimization paradigm for the field of production simulation, and 

provides technical support for dynamic decision-making of manufacturing enterprises. The 

main contributions are as follows: 

(1) A refined Markov Decision Process (MDP) modelling method for production–

inventory–profit coordination is proposed. It breaks through the limitations of traditional 

hierarchical modelling, introduces a Long Short-Term Memory (LSTM) network to encode 

demand temporal features, and designs a dynamically profit-oriented reward function, 

effectively solving the problems of incomplete state representation and coarse reward design 

in traditional models, and realizing the precise matching between state features and profit 

optimization objectives. 

(2) An improved adaptive deep reinforcement learning algorithm is designed. Aiming at 

the continuous production quantity action space, the network structure and training strategy 

are optimized, and attention mechanism, prioritized experience replay, and adaptive learning 

rate adjustment strategies are incorporated, significantly improving the adaptability of the 

policy to demand mutation and training stability, and solving the problems of low training 

efficiency and insufficient robustness of traditional algorithms. 

(3) A simulation–reinforcement learning integrated coupling mechanism is constructed. 

The interaction interface between the discrete-event simulation environment and the deep 

reinforcement learning algorithm is optimized, realizing the real-time linkage between policy 

training and simulation verification, breaking the limitations of the traditional offline 

separated integration mode, and improving optimization efficiency and policy adaptability. 

The remainder of this paper is organized as follows. Section 2 elaborates the refined MDP 

modelling method of the production–inventory–profit coordination system; Section 3 

proposes the specific design scheme of the improved adaptive deep reinforcement learning 

algorithm; Section 4 constructs the simulation–reinforcement learning integrated coupling 

environment and explains the design details of each core simulation module; Section 5 

verifies the effectiveness and superiority of the proposed method through multi-scenario 

simulation experiments and sensitivity analysis; Section 6 summarizes the main conclusions 

and research contributions of this paper, and provides reference for subsequent related 

research. 

2. MDP MODELLING OF THE PRODUCTION–INVENTORY SYSTEM 

The research object of this paper is a single-stage production–inventory system. The system 

consists of a production unit, a finished goods warehouse, and an external demand side. To 

ensure modelling rationality and simulation realism, the core assumptions are set as follows. 

The production process has a fixed lead time, and the production quantity is constrained by 

both minimum production batch size and maximum production capacity. When inventory is 

insufficient, backordering is adopted, and shortage cost is incurred. Production cost consists 

of fixed cost and unit variable cost, and inventory holding cost is calculated based on the end-

of-period inventory level. Market demand is a non-stationary stochastic process with 

characteristics of trend, seasonality, and sudden fluctuations. The above assumptions define 

the system operation boundary and dynamic characteristics, providing basic constraints for 

the subsequent MDP modelling of coordinated optimization. 

Fig. 1 shows the refined MDP interaction framework of the production–inventory–profit 

coordination system. The innovative MDP modelling of the system breaks through the 

traditional design paradigm from two aspects: state space and action space. The state space 

takes current inventory level, work-in-process quantity, backlog of delayed orders, periodic 

temporal features, and cumulative profit as basic variables. The core innovation lies in 
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introducing an LSTM encoder to extract temporal features from the historical demand 

sequence of the past k periods and integrating the encoded features with the basic state to 

form a high-dimensional dynamic state vector. The state fusion and normalization processes 

follow: 

st = Whht + Wsst
base + b (1) 

x̂t = 
xt – xmin

xmax − xmin

 (2) 

where ht is the demand temporal feature output by LSTM, st
base is the basic state vector, Wh 

and Ws are fusion weights, b is the bias term, and x̂t is the normalized state component. The 

action space is the continuous production quantity in each period. A constraint mapping layer 

is used to project the output of the policy network to the feasible interval. The mapping rule is: 

at = amin + σ(at
net)(amax − amin) . At the same time, a feasibility penalty is imposed on the 

original action that exceeds the feasible domain: Pt = λ|at
net − at| , so as to ensure that 

production decisions satisfy capacity and batch constraints. 

 

Figure 1: Refined Markov Decision Process (MDP) interaction framework of the production–

inventory–profit coordination system. 

This paper further designs a profit-oriented dynamic reward mechanism and simulation-

driven state transition rules to achieve deep coupling between the MDP and production 

dynamics. Breaking through the limitation of fixed-weight rewards, a cost weight mechanism 

that adaptively adjusts with inventory deviation and demand fluctuation is constructed. The 

single-step reward and cumulative discounted reward are: 

ωi,t = ωi,0 exp(α|It − I*| + βσD,t) , rt = Rt − ∑ωi,t

i

Ci,t,Rtotal = ∑ γt
T

t=0

rt (3) 

where ωi,t is the dynamic cost weight, It is the inventory at the current period, σD,t is the 

demand fluctuation intensity, and γ ∈ [0.9, 0.99] is the discount factor. The state transition is 

completely driven by discrete-event simulation. In each period, the state transition is 

completed according to the sequence of production execution, demand arrival, inventory 
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update, and cost calculation. Demand fluctuation is modelled by AutoRegressive Integrated 

Moving Average (ARIMA), and production disturbance follows a Poisson random 

distribution. It no longer relies on manually preset transition probabilities, achieving precise 

matching between MDP state evolution and actual production dynamics. 

3. DEEP REINFORCEMENT LEARNING FOR OPTIMIZATION 

This paper selects the Proximal Policy Optimization (PPO) algorithm as the basic 

optimization framework. This algorithm has excellent training stability and sample utilization 

in continuous action spaces and can adapt to the continuity constraints of production decisions. 

The traditional PPO algorithm is not structurally adapted to non-stationary demand temporal 

features and adopts uniform experience replay and fixed learning rate mechanisms [12, 13]. In 

scenarios with demand mutation, it is prone to problems such as insufficient policy robustness 

and slow training convergence and cannot meet the dynamic optimization requirements of the 

production–inventory–profit coordination system. Therefore, this paper systematically 

improves the algorithm from three dimensions: network structure, training mechanism, and 

online update, and constructs an adaptive coordinated optimization strategy adapted to 

uncertain demand, enabling the algorithm to accurately capture demand dynamics and adjust 

production decisions in real time. 

 

Figure 2: Network topology of the improved Deep Reinforcement Learning (DRL) algorithm 

integrating Long Short-Term Memory (LSTM) and self-attention mechanism. 

To address the problems of demand temporal dependence and imbalance of state feature 

weights [14], this paper designs a policy network and a value network integrating LSTM and 

self-attention mechanism (refer to Fig. 2). The network input is the normalized state vector 

constructed in Chapter 3. The LSTM network is responsible for extracting temporal features 

of historical demand sequences, and the self-attention module enhances the perception ability 

of demand mutation and key state variables through dynamic weight allocation. The attention 

weight calculation follows: 

αi =
exp ( qTki/√dk)

∑ exp (j qTkj/√dk)
 (4) 

where q is the query vector, ki is the key vector of the ith state feature, and dk is the feature 

dimension. The policy network uses the ReLU activation function to construct hidden layers, 

and the output layer generates production quantity decisions through continuous action 
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mapping. The value network simultaneously estimates the state value function. The target 

network and evaluation network adopt a soft update mechanism to synchronize parameters, 

and the update rate is set to 0.005, which improves the fitting accuracy of the value function 

while ensuring training stability. 

To further improve training efficiency and policy adaptability, this paper introduces a 

prioritized experience replay mechanism and an adaptive learning rate strategy and designs an 

online dynamic update rule. The prioritized experience replay uses the temporal-difference 

error as the sampling basis, and the weight calculation formula is: p
i 
= |δi|

η
, where δi is the 

temporal-difference error and η is the priority coefficient. Non-uniform sampling is used to 

improve the utilization efficiency of high-value experience. The adaptive learning rate is 

adjusted in real time based on the variance of cumulative profit and the stockout probability, 

and the adjustment rule is: 

η
t = η

0
exp(-κ√Var(Rtotal) + θPstockout) (5) 

which effectively avoids policy oscillation and convergence lag caused by a fixed learning 

rate. During the simulation running stage, demand pattern mutation is monitored through the 

variance of the demand sequence and the trend coefficient. When the detection indicators 

exceed the preset threshold, only the output layer of the policy network and the parameters of 

the attention layer are locally fine-tuned, without full retraining, realizing real-time adaptation 

of the policy to demand dynamics, and greatly improving the robustness and generalization 

ability of the optimization method in uncertain production environments. 

4. SIMULATION–REINFORCEMENT LEARNING INTEGRATION 

A discrete-event simulation model is constructed based on the Python SimPy library. A 

modular design concept is adopted to divide the environment into four core modules: demand 

generation, production–inventory, coupling interface, and profit accounting, so as to realize 

seamless integration with the DRL algorithm. This design breaks through the limitation of 

traditional separation between simulation and optimization, takes integrated coupling as the 

core objective, supports batch parallel execution and real-time interaction, and can accurately 

simulate the dynamic evolution process of the production–inventory system. It provides a 

high-fidelity and high-efficiency experimental platform for the training, validation, and 

optimization of the improved DRL strategy. At the same time, it adapts to the testing 

requirements of multiple demand scenarios, ensuring the reliability and generalization of 

simulation results. 

The innovative design of core simulation modules focuses on scenario adaptability and 

simulation realism, with emphasis on optimizing demand generation and production–

inventory simulation capabilities. The demand generator adopts an adaptive mechanism and 

supports four typical demand scenarios: stationary, seasonal fluctuation, sudden growth, and 

random walk. The parameters can be dynamically adjusted based on actual historical data. 

Among them, seasonal fluctuation demand is modelled using the ARIMA(p, d, q) model, and 

the expression is: ϕ(L)(1 – L)
d
Xt = θ(L)εt. Random walk demand is described using a Wiener 

process with drift, and the formula is: Dt = Dt-1 + μ + σWt, where μ is the drift coefficient, σ is 

the fluctuation intensity, and Wt is standard Brownian motion. The production–inventory 

module introduces randomization of production delay and equipment failure probability. The 

production delay follows a normal distribution: T∼N(μ
T
, σT

2), equipment failure is triggered 

according to a Poisson distribution, and the repair time follows an exponential distribution. 

Inventory update follows the sequential logic of production execution, demand realization, 

and cost accounting, and supports flexible switching between backordering and lost sales 

modes, accurately reproducing the dynamic characteristics of the actual production system. 
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The innovative design of the coupling interface is the core for realizing integrated 

coordination. By constructing a standardized Gym interface, real-time synchronous 

interaction between the simulation environment and the DRL algorithm is achieved. The 

interface includes three core functions: the reset function is used to initialize the system state 

and reset simulation environment parameters; the step function is the core interaction function, 

which takes the production action output by the DRL algorithm as input, executes the 

simulation step, and returns the current state, single-step reward, and simulation termination 

signal. The logical relationship is: (st+1, rt, done) = step(at). The render function is used to 

output time-series data and visualization results of the simulation process. Data interaction 

adopts a matrix-based transmission method, encapsulating state, action, and reward data into 

unified-dimension matrices to reduce interaction delay. At the same time, a multi-process 

parallel processing mechanism is introduced to realize synchronous execution of multiple 

groups of simulation experiments, improving the efficiency of DRL strategy training and 

performance testing, and completely solving the problem of disconnection between strategy 

and simulation environment and insufficient adaptability caused by the traditional offline 

separated mode. 

5. SIMULATION EXPERIMENTS AND RESULTS 

The experimental parameters are set with reference to discrete manufacturing production 

scenarios to ensure simulation credibility and result reproducibility. Core parameters such as 

production constraints, cost coefficients, and demand characteristics are uniformly configured. 

The benchmark strategies are selected from commonly used methods in industry and 

academia, including (s, S) policy, Economic Production Quantity (EPQ) + safety stock, Model 

Predictive Control [15], and traditional PPO. The experimental hardware adopts an Intel Core 

i7 processor and 32 GB RAM. The software environment includes Python 3.9, SimPy 4.0, 

and Stable-Baselines3. The training period is 1000 steps, and the testing period is 500 steps. 

Each scenario independently executes 1000 Monte Carlo simulations. The basic parameters 

are shown in Table I. 

Table I: Basic experimental parameter settings. 

Parameter 

category 
Specific parameter Value 

Production 

parameters 

Maximum production capacity 120 units/period 

Minimum production batch size 20 units/period 

Production lead time 3 periods 

Cost parameters 

Fixed production cost 800 yuan/period 

Unit variable cost 15 yuan/unit 

Unit inventory holding cost 2 yuan/unit/period 

Unit shortage cost 30 yuan/unit 

Demand scenarios 
Stationary, seasonal fluctuation, sudden growth, 

random walk 
Four types 

 

To verify the core innovation value of the proposed method, three groups of comparative 

experiments are designed to examine the actual effects of MDP modelling improvement, DRL 

algorithm optimization, and simulation–reinforcement learning integrated coupling, 

respectively. At the same time, horizontal comparisons are conducted with benchmark 

strategies under four typical demand scenarios. The validation results of innovation points are 

shown in Table II, and the comprehensive performance comparison under multiple scenarios 

is shown in Table III. 
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Table II: Validation results of innovation points. 

Validation 

dimension 
Comparison scheme 

Mean 

cumulative 

profit (yuan) 

Stockout 

probability 

(%) 

Training 

convergence 

steps 

Markov Decision 

Process Modelling 

Proposed Long Short-Term 

Memory + dynamic reward 
12860 2.3 320 

Traditional state + fixed 

reward 
10720 5.8 450 

Algorithm 

optimization 

Proposed improved 

Proximal Policy 

Optimization 
12860 2.3 320 

Traditional Proximal Policy 

Optimization 
11350 4.8 520 

Coupling 

mechanism 

Real-time integrated 

coupling 
12860 2.3 320 

Offline separated mode 11580 3.9 480 

From Table II, it can be seen that the temporal feature encoding, dynamic reward design, 

improved PPO, and real-time coupling mechanism proposed in this paper bring significant 

performance improvements, respectively. Among them, MDP modelling optimization 

increases profit by 19.9 %, algorithm optimization reduces convergence steps by 38.5 %, and 

integrated coupling improves training efficiency by 33.3 %. The results in Table III show that 

the proposed method outperforms all benchmark strategies under four types of demand 

scenarios. In scenarios with strong uncertainty such as random walk, the advantage is more 

significant. The average cumulative profit increases by 12.7 %, and the average stockout 

probability decreases by 52.1 %, showing stronger adaptability and robustness. 

Table III: Comparison of core performance of each strategy under multiple demand scenarios. 

Strategy Evaluation metric 
Stationary 

demand 

Seasonal 

fluctuation 

Sudden 

growth 

Random 

walk 

Proposed method 

Cumulative profit (yuan) 12860 11950 11230 10870 

Stockout probability (%) 2.3 3.7 5.1 6.4 

Inventory turnover rate 0.89 0.82 0.78 0.75 

Traditional Proximal 

Policy Optimization 

Cumulative profit (yuan) 11350 10240 9560 8920 

Stockout probability (%) 4.8 7.2 9.5 11.3 

Inventory turnover rate 0.76 0.68 0.62 0.59 

(s, S) policy 

Cumulative profit (yuan) 9860 8750 7980 7320 

Stockout probability (%) 6.7 9.3 12.8 15.2 

Inventory turnover rate 0.69 0.61 0.55 0.52 

To verify the stability of the method under parameter fluctuations, three key parameters 

are selected: demand fluctuation amplitude, unit production cost, and unit inventory holding 

cost. Sensitivity tests are carried out within the reasonable range of actual production, and the 

performance variation range of the proposed method and traditional PPO is compared. The 

results are shown in Fig. 3. The analysis shows that when various parameters increase, the 

decline in profit and the increase in stockout probability of the proposed method are 

significantly lower than those of traditional PPO. When demand fluctuation increases by 40 %, 

the profit of the proposed method decreases by only 7.5 %, which is much better than 15.3 % 

of traditional PPO. This proves that the method has stronger adaptive buffering ability to 

external disturbances and cost changes and is more consistent with the dynamic environment 

of actual production. 
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Figure 3: Results of key parameter sensitivity analysis. 

 

Figure 4: Comparison of cumulative profit evolution and convergence of multiple algorithms. 

To quantitatively verify the actual effectiveness of the production planning–inventory–

profit coordinated optimization model under uncertain market demand, comparative 

simulations are carried out from the dimensions of economic benefit and operational stability, 

and quantitative data analysis is conducted. The experimental results in Figs. 4 and 5 show 

that under the proposed coordinated mechanism, the steady-state cumulative profit of the 

system increases by 17.6 % compared with the traditional staged independent decision-

making model, and the number of algorithm convergence iterations is reduced by 26 %. 

Under dynamic demand disturbance, the profit curve can still maintain a continuous upward 

trend, without obvious profit decline and fluctuation. The temporal fitting degree between 

production planning and real-time market demand reaches 0.93, and the fluctuation rate of 

inventory level is controlled within 6.2 %, which is far lower than 22.4 % under the traditional 

decision-making mode. This not only effectively avoids the direct profit loss caused by 

stockout, but also significantly reduces the warehousing and capital costs caused by high 

inventory occupation, realizing the coordinated optimization of production input, inventory 

control, and economic benefit. The above quantitative analysis results fully demonstrate that 

the constructed coordination mechanism can effectively adapt to the uncertain market 

environment, break the decision-making limitation of separation between production planning 

and inventory management, and provide stable and reliable decision support for lean 

operation and profit maximization of manufacturing systems under dynamic markets. 
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Figure 5: Dynamic coordinated response of “production–inventory” under uncertain demand. 

6. CONCLUSION 

Aiming at the coordinated optimization problem of production planning, inventory control, 

and profit maximization under uncertain market demand, this paper proposes an adaptive 

production–inventory–profit coordinated simulation optimization framework based on deep 

reinforcement learning. Through the collaborative design of system modelling, algorithm 

improvement, and simulation coupling, the dynamic coordinated optimization of the three is 

realized, effectively solving the shortcomings of traditional methods in demand uncertainty 

adaptation, policy training efficiency, and integration of simulation and optimization. The 

core innovation of this paper lies in constructing a refined MDP model incorporating temporal 

feature encoding and dynamic reward, designing an improved PPO algorithm integrating 

attention mechanism and adaptive training strategy, establishing an integrated coupling 

mechanism for real-time interaction between simulation and reinforcement learning, and 

verifying the effectiveness and superiority of the method through multi-scenario simulation 

experiments and sensitivity analysis. 

The experimental results show that the proposed method significantly outperforms 

traditional benchmark strategies under four types of demand scenarios: stationary, seasonal 

fluctuation, sudden growth, and random walk. The cumulative profit is increased by more 

than 12.7 % on average, the stockout probability is reduced by 52.1 % on average, and the 

training convergence efficiency and inventory turnover rate are significantly improved. It can 

effectively adapt to dynamic changes in demand and has strong robustness and adaptability. 

This study provides a new intelligent optimization paradigm for the field of production 

simulation, improves the integration mechanism of discrete-event simulation and 

reinforcement learning, and enriches the theory and methods of production–inventory–profit 

coordinated optimization under uncertain demand. At the same time, it provides a practical 

dynamic decision-making solution for manufacturing enterprises, helping enterprises improve 

operational stability and profitability. Future research will further break through the 
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applicability boundary of single-stage single-product systems, extend to multi-product and 

multi-echelon supply chain scenarios, and integrate digital twin technology to construct a 

high-fidelity simulation environment. It will also optimize the adaptive adjustment 

mechanism of deep reinforcement learning network parameters, further improve the 

generalization and optimization accuracy of the method, and provide more comprehensive 

technical support for intelligent decision-making of complex production systems. 
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