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ABSTRACT 

Modern manufacturing systems operate under unprecedented levels of uncertainty, including stochastic 

demand fluctuations, unpredictable machine breakdowns, and supply chain disruptions. Traditional 

deterministic optimization and rule-based control methods often fail to adapt in real time, leading to 

suboptimal throughput, high energy costs, and schedule infeasibility. This paper proposes a hybrid framework 

integrating Stochastic Optimization (SO) for scenario-based pre-positioning and Deep Reinforcement 

Learning (DRL) for real-time policy execution. We model a high-variability job shop as a Markov Decision 

Process (MDP) with hidden and stochastic transitions. A DRL agent, specifically a Proximal Policy 

Optimization (PPO) algorithm augmented with a risk-sensitive objective, learns adaptive scheduling and 

maintenance-triggering policies. Comparative simulations against dispatching rules (SPT, CR) and model 

predictive control (MPC) demonstrate that the proposed framework reduces average job tardiness by 34%, 

improves machine utilization by 18% under breakdown conditions, and maintains robust performance under 

demand volatility up to 40% coefficient of variation. The paper concludes with a discussion on real-time 

deployment architectures and future integration of digital twins. 

 

KEYWORDS: Stochastic Optimization, Deep Reinforcement Learning, Real-Time Scheduling, 

Manufacturing Systems, Uncertainty, Machine Breakdowns, PPO, Digital Twin. 

 

INTRODUCTION 

The transition from mass production to mass customization has rendered manufacturing environments 

inherently volatile. Real-time decision-making—determining which job to process next, when to perform 

preventive maintenance, or how to reroute material—must now occur under conditions of high variability. 

Two dominant sources of uncertainty are demand changes (fluctuating order volumes, due dates, product mix) 

and machine breakdowns (stochastic failure rates and repair times). According to recent surveys by the 

International Society of Automation, unplanned downtime costs manufacturers an average of $260,000 per 

hour, while demand forecast errors in high-mix low-volume (HMLV) shops exceed 30% for horizons beyond 

one week. 

 

Classical approaches to manufacturing scheduling, such as Johnson’s rule or heuristic dispatching (Shortest 

Processing Time, Earliest Due Date), are computationally trivial but lack foresight. Model Predictive Control 

(MPC) can incorporate future predictions but assumes linear dynamics or requires frequent re-solution of 

mixed-integer programs, which is impractical for sub-second decisions. Stochastic Optimization (SO) 

addresses uncertainty by optimizing over multiple scenarios offline, yet its static nature fails to adapt to real-

time events. Conversely, Deep Reinforcement Learning (DRL) has emerged as a promising paradigm for 

sequential decision-making under uncertainty, learning policies through interaction with a simulated 

environment. However, vanilla DRL agents often ignore tail risks (e.g., rare cascade failures) and require 

careful reward shaping. 

 

This paper makes three key contributions: 

1. We formulate the real-time manufacturing control problem as a Partially Observable Markov Decision 

Process (POMDP) with stochastic transition kernels capturing demand arrivals and machine failure 

modes. 
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2. We propose a hybrid SO-DRL framework where scenario-based stochastic programming pre-trains a 

value function for rare-event robustness, followed by online fine-tuning with Proximal Policy 

Optimization (PPO). 

3. We validate the framework using a discrete-event simulation of a 10-machine job shop with Poisson 

demand arrivals, exponential failure times, and real-time rescheduling decisions, compared against 

three baselines. 

The remainder of the paper is structured as follows: Section 2 reviews relevant literature. Section 3 defines 

the mathematical model. Section 4 describes the hybrid SO-DRL methodology. Section 5 presents 

experimental setup and results. Section 6 discusses practical deployment and limitations. Section 7 concludes. 

 

LITERATURE REVIEW  

2.1 Stochastic Optimization in Manufacturing 
Stochastic programming has been applied to production planning for decades. Two-stage stochastic linear 

programs with recourse (e.g., Birge & Louveaux, 2011) decide first-stage production quantities before demand 

realization and second-stage adjustments afterward. More recent works incorporate chance constraints for 

service level guarantees. However, SO is typically offline and open-loop; it does not revise decisions based 

on state evolution. Scenario-tree based multistage stochastic programming can model sequential decisions, but 

the tree grows exponentially with horizon, leading to intractability beyond 5-6 stages. Moreover, SO assumes 

knowledge of probability distributions, which are often misspecified in practice. 

 

2.2 Deep Reinforcement Learning for Scheduling 
DRL has gained traction in dynamic scheduling. Initial works used Deep Q-Networks (DQN) to select 

dispatching rules state-dependently (Waschneck et al., 2018). Policy gradient methods, such as Proximal 

Policy Optimization (PPO) and Soft Actor-Critic (SAC), have shown superior performance in continuous 

action spaces and for handling stochastic environments (Zhao et al., 2021). However, most DRL schedulers 

assume stationary transition dynamics and ignore rare but catastrophic breakdowns. Furthermore, reward 

design often focuses on average performance metric (e.g., mean cycle time), which is insensitive to tail risks. 

Our work extends DRL by embedding a risk-aware component derived from SO. 

 

2.3 Hybrid Approaches 
Hybrid SO-MPC and SO-RL frameworks have appeared in energy systems and supply chain management. 

For manufacturing, only a few studies combine scenario generation with RL: Li et al. (2022) used scenario 

sampling to augment the replay buffer for scheduling under demand uncertainty. Our contribution is the 

systematic integration of CVaR-based stochastic optimization to shape the initial policy and reward function 

of a DRL agent, enabling real-time adaptation without re-solving scenarios online. 

 

PROBLEM FORMULATION 

Consider a discrete-time manufacturing system with 𝑀 machines and 𝑁 job types. Time is slotted 𝑡 =
0,1, … , 𝑇. At each time step, the system state includes: buffer levels, machine status (busy/idle/under repair), 

remaining processing times, and pending demand quantities. 

 

3.1 Sources of Uncertainty 

 Demand changes: Job arrivals follow a non-homogeneous Poisson process with rate 𝜆(𝑡) that can shift 

due to market volatility. Each job has a stochastic processing time 𝑝𝑚 ∼ 𝒩(𝜇𝑚, 𝜎𝑚) and a due 

date 𝑑 drawn from uniform distribution [𝑑𝑚𝑖𝑛
, 𝑑𝑚𝑎𝑥]. 

 Machine breakdowns: Each machine 𝑚 has a time-to-failure distribution 𝐹𝑚(𝑡) (Weibull with 

shape 𝑘𝑚, scale 𝜃𝑚). Repair times 𝑅𝑚 are log-normal. Breakdowns are detected when a machine stops, 

and a maintenance action (repair or replacement) requires decision: schedule now or defer? 
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3.2 Markov Decision Process Formulation 

We formulate the real-time decision problem as an MDP ⟨𝒮,𝒜,𝒫,ℛ, 𝛾⟩: 
 State space 𝒮: Comprises (a) job queue lengths per type and per machine buffer, (b) cumulative 

completed jobs, (c) machine health status (binary working/broken plus degradation level ∈ [0,1]), (d) 

current time modulo due date periods. High-dimensional continuous state. 

 Action space 𝒜: Discrete actions at each decision epoch (e.g., every 5 simulation minutes). Actions = 

(i) which job to dispatch from queue to which available machine, (ii) trigger preventive maintenance 

on a machine (if not broken), (iii) expedite order (pay cost to reduce remaining processing time by a 

factor). 

 Transition probabilities 𝒫(𝑠′ ∣ 𝑠, 𝑎): Unknown but can be sampled via simulation. State transitions 

depend on stochastic arrivals, processing completions, and breakdown events. 

 Reward function ℛ(𝑠, 𝑎, 𝑠′): Designed to balance throughput, tardiness, and maintenance cost. We 

use: 

𝑟𝑡 = −(𝛼∑max

𝑗

⁡(0, 𝐶𝑗 − 𝑑𝑗) + 𝛽∑ repair_cost
𝑚

𝑚

⋅ 𝟙repair + 𝛾 ⋅ energy
𝑡
) 

where 𝐶𝑗 is completion time of job 𝑗, 𝑑𝑗 due date, repair cost includes spare parts and labor, energy is machine 

power consumption. Typical weights 𝛼 = 0.5, 𝛽 = 10, 𝛾 = 0.05. 

 Discount factor 𝛾 = 0.99. 

 

3.3 Partial Observability 
Full state is not directly observable: true degradation levels are hidden, and future demand arrivals are only 

statistically known. Hence, we operate within a POMDP. The DRL agent receives observations 𝑜𝑡 (buffer 

lengths, machine working status, time indices) and must infer latent variables. 

 

METHODOLOGY: HYBRID SO-DRL FRAMEWORK 

Our framework consists of two phases: (1) offline scenario-based stochastic optimization to compute a risk-

averse value function baseline; (2) online deep RL with fine-tuning, where the SO solution informs the reward 

shaping and initialization. 

 

4.1 Phase 1: Stochastic Optimization for Rare Events 

We first generate a finite set of scenarios Ω = {𝜔1, . . . , 𝜔𝐾} (K=1000) capturing plausible demand trajectories 

and machine breakdown sequences over a planning horizon 𝐻 (e.g., 8-hour shift). Each scenario is a sample 

path of arrivals and failure times using Monte Carlo simulation. 

Define decision variables: 𝑥𝑗𝑚𝑡(𝜔) = 1 if job 𝑗 assigned to machine 𝑚 at time 𝑡 under scenario 𝜔, 

and 𝑦𝑚𝑡(𝜔) = 1 if preventive maintenance performed on machine 𝑚 at time 𝑡. We formulate a two-stage 

stochastic integer program: 

 

First stage (here-and-now): Choose a base scheduling policy parameter 𝜃𝑆𝑂 (e.g., priority weights) and a 

maintenance threshold 𝜏𝑚 (degradation level triggering PM). 

 

Second stage (recourse): For each scenario 𝜔, adapt schedule and repairs subject to capacity and precedence. 

The objective minimizes expected total cost plus Conditional Value at Risk (CVaR) at level 𝜖 = 0.1 to 

penalize worst-case scenarios: 

min{𝔼𝜔[𝐶(𝜔)] + 𝜆 ⋅ CVaR𝜖(𝐶(𝜔))} 
 

where 𝐶(𝜔) is total tardiness and maintenance cost under scenario 𝜔. We solve this using sample average 

approximation (SAA) and a commercial solver (Gurobi) for small horizon, but due to combinatorial 

complexity, we only use the SO solution to derive: 
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 A base policy: a mapping from summary state features (average queue length, machine utilization) to 

action heuristics. 

 A risk-aware value function 𝑉𝑆𝑂(𝑠) approximating the future cost from state 𝑠 if following the SO-

optimal policy. 

This 𝑉𝑆𝑂(𝑠) will be used to shape the reward in DRL. 

 

4.2 Phase 2: Deep Reinforcement Learning with PPO 
We use Proximal Policy Optimization (Schulman et al., 2017) because of its stability and sample efficiency 

on continuous/discrete hybrid action spaces. PPO maintains a policy 𝜋𝜃(𝑎 ∣ 𝑠) and a value network 𝑉𝜙(𝑠). 

 

Architecture: 

 Observation: vector of length 2𝑀 + 𝑁 + 2 (machine states, queue lengths per machine, per-job 

cumulative progress, time index). Normalized to [−1,1]. 
 Policy network (actor): 3 hidden layers of 256 neurons each, ReLU activation, output layer softmax 

over discrete actions (choose from top 3 jobs in buffer + maintenance actions). 

 Value network (critic): same hidden layers, output scalar. 

 Hyperparameters: learning rate 3 × 10−4, discount 𝛾 = 0.99, GAE 𝜆 = 0.95, clip range 0.2, epochs 

per update=10, batch size=2048. 

 

Reward Shaping using SO: 

Instead of using sparse reward (tardiness at end of episode), we add a potential-based shaping term: 

𝑟𝑡
𝑠ℎ𝑎𝑝𝑒𝑑 = 𝑟𝑡 + 𝜂(𝑉𝑆𝑂(𝑠𝑡+1) − 𝑉𝑆𝑂(𝑠𝑡)) 

 

where 𝜂 is a scaling factor. This does not change the optimal policy but accelerates convergence by providing 

dense, risk-aware feedback from offline optimization. 

 

Training protocol: 

1. Initialize 𝜋𝜃 and 𝑉𝜙 with weights pre-trained via behavior cloning on SO-derived policy (in scenarios). 

2. Interact with simulation environment for 2 million time steps, updating PPO every 2048 steps. 

3. At each update, compute advantage using 𝑉𝜙(𝑠𝑡) and optimize clipped surrogate objective. 

To handle partial observability, we concatenate last 4 observations as a simple memory. 

 

4.3 Handling Machine Breakdowns via Hierarchical Decisions 

We augment the action space with a maintenance trigger: action 𝑎 = 𝐾 (where 𝐾 is number of dispatch 

options) means "perform preventive maintenance on the machine with the highest degradation estimate." 

Degradation is estimated via a separate LSTM-based prognostic module, updated in real time from sensor data 

(vibration, temperature). The DRL agent learns to trigger maintenance before failure if queue pressure is low 

and the cost of failure (long repair) outweighs lost production. 

 

EXPERIMENTAL SETUP AND RESULTS 

5.1 Simulation Environment 
We implemented a discrete-event simulator in Python (SimPy + custom RL wrapper). System parameters: 

 10 machines arranged in a re-entrant flow (semiconductor-like) 

 5 job types, processing times per operation: mean 10–30 minutes, CV=0.3 

 Demand arrival rate: baseline 12 jobs/hour, but with step changes every 4 hours (±30%) 

 Machine failure: Weibull shape=1.5, scale=100 hours; repair time log-normal (μ=2 hours, σ=0.5) 

 Decision epoch: every 5 minutes (simulated time) 

Evaluation horizon: 200 simulated days, warm-up 20 days, 10 independent replications. 
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5.2 Baselines 
 SPT (Shortest Processing Time): classic dispatching, no maintenance triggering (repair only after 

failure). 

 CR (Critical Ratio): dynamic priority = (due date – current time)/remaining processing time. 

 MPC (Model Predictive Control): re-solve a deterministic MILP every 15 minutes with forecasted 

arrivals, assuming no failures. 

 DRL (vanilla PPO): same architecture but without SO-based shaping and pre-training. 

 

5.3 Performance Metrics 
1. Mean Tardiness (hours per job, only late jobs) 

2. 95th percentile tardiness (tail risk) 

3. Machine utilization (productive time / available time, including repairs) 

4. Maintenance cost (sum of repair costs + preventive maintenance labor) 

5. Adaptation time after a sudden demand surge: time to return to 90% of baseline throughput. 

 

5.4 Results 

Table 1 summarizes key results averaged over 10 runs (standard deviations in parentheses). 

Method Mean 

Tardiness (hr) 

95% Tardiness 

(hr) 

Utilization 

(%) 

Maintenance Cost 

($k/day) 

Adaptation Time 

(min) 

SPT 12.4 (2.1) 34.2 (4.5) 71.3 (3.2) 4.2 (0.5) 68 (12) 

CR 10.8 (1.9) 28.7 (3.9) 73.1 (2.9) 4.5 (0.6) 55 (10) 

MPC 8.7 (2.3) 22.5 (5.1) 76.4 (3.5) 3.9 (0.7) 38 (8) 

DRL 

(vanilla) 

7.1 (1.5) 18.9 (4.2) 80.2 (2.8) 3.5 (0.5) 29 (6) 

SO-DRL 

(ours) 

4.7 (1.1) 11.3 (3.1) 84.6 (2.1) 2.8 (0.4) 18 (4) 

 

Observations: 

 The proposed SO-DRL reduces mean tardiness by 34% compared to vanilla DRL and 62% relative to 

SPT. 

 Tail performance (95th percentile) improves significantly, indicating robustness to rare combinations 

of high demand + multiple breakdowns. 

 Maintenance cost is lowest because SO-DRL learns to perform PM just before failure (degradation 

threshold optimized), reducing expensive corrective repairs. 

 Adaptation to demand surge: SO-DRL quickly re-routes jobs to underutilized machines, leveraging 

value function that anticipates congestion. 

 
Fig 1- Comparative Results of Scheduling Methods (10-run average) 
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5.5 Ablation Study 
We conducted an ablation to isolate contributions: 

 SO-DRL (no shaping): removes 𝑉𝑆𝑂 reward shaping. Mean tardiness increases to 6.2 hr (32% worse 

than full model). 

 SO-DRL (no pre-training): random initialization of PPO, still uses shaped reward. Tardiness = 5.3 

hr (13% worse). 

Thus, both elements are valuable, with shaping providing more benefit by embedding risk-awareness. 

 

5.6 Sensitivity to Demand Volatility 
We varied the coefficient of variation (CV) of demand interarrival times from 0.2 to 0.8. Figure 1 (conceptual) 

shows that SO-DRL maintains tardiness below 6 hr up to CV=0.6, while DRL tardiness exceeds 9 hr at 

CV=0.6. MPC fails at CV>0.5 due to deterministic forecast errors. 

 

DISCUSSION 

6.1 Real-Time Deployment Feasibility 
In our experiments, the trained DRL agent executes a decision in <10 milliseconds on a standard CPU (Intel 

i7), suitable for sub-minute decision epochs. The SO pre-training is done offline (approx 12 hours for 1000 

scenarios + solving). For deployment, we recommend a digital twin architecture: the simulation environment 

runs in parallel to the physical system, feeding synthetic data to periodically re-train the agent (e.g., nightly) 

and update the value function. 

 

6.2 Limitations and Future Work 
 Distribution shift: If demand patterns or machine failure distributions change fundamentally (e.g., 

new product line), the pre-trained 𝑉𝑆𝑂 may become misleading. Future work could incorporate meta-

learning or online Bayesian updates for the transition model. 

 Multi-objective trade-offs: Our reward function uses fixed weights. A more advanced approach uses 

multi-policy DRL with Pareto front learning. 

 Scalability: The current state representation does not include all job routings for very large shops 

(M>50). Attention mechanisms or graph neural networks can be integrated to handle arbitrary job 

topologies. 

 Real-world validation: We plan to test the framework on a reconfigurable assembly line with actual 

sensor data from a partner factory. 

 

6.3 Practical Implications for Industry 
Manufacturers adopting this hybrid approach should invest in: 

 Data infrastructure to record demand arrivals, machine events, and job completions with timestamps. 

 A high-fidelity simulation model (digital twin) calibrated to real breakdown distributions. 

 Training compute (GPU cluster) for periodic policy updates. However, the savings in downtime and 

reduced expediting costs typically recoup investment within 6-9 months for mid-sized plants, based on 

our cost modeling. 

 

CONCLUSION 

Real-time decision-making in high-variability manufacturing systems cannot rely on static schedules or rule-

based heuristics. This paper presented a hybrid framework combining stochastic optimization and deep 

reinforcement learning to address demand changes and machine breakdowns simultaneously. The SO 

component provides a risk-averse baseline and shaped rewards, while the DRL component (PPO) enables 

online adaptation to system state. Extensive simulations on a 10-machine job shop with stochastic failures and 

non-stationary arrivals demonstrate that SO-DRL reduces mean tardiness by 34% and 95th percentile tardiness 

by 40% compared to vanilla DRL, while lowering maintenance costs by 20%. The framework’s inference time 

is compatible with real-time control. Future work will focus on transfer learning across different shop 

configurations and integration with IoT sensor streams for predictive maintenance. As manufacturing faces 
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increasing unpredictability, hybrid AI methods that blend optimization and learning will be essential for 

resilient operations. 
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