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Welcome message

Dear Participants,

It is our great pleasure to welcome you to the 15th International Conference on Stochas-
tic Models of Manufacturing and Service Operations (SMMSO 2026), hosted by the Karlsruhe
Institute of Technology (KIT) together with the University of Mannheim.

SMMSO continues a well-established series of biennial conferences that began in 1997 and has
since brought together researchers and practitioners from around the world, held across Europe.
After its early editions in Greece (1997, 1999, 2001, 2003 and 2005), the conference took place in
the Netherlands (2007), Italy (2009, 2017, 2024), Turkey (2011), Germany (2013, 2019), Greece
(2015) and France (2022). It is a pleasure to bring SMMSO back to Germany this year, where
we come together in Edesheim, Pfalz.

The program has been designed to connect academic research with practical applications
in manufacturing and service operations. It includes one keynote speech and 18 presentations,
arranged into eight sessions. We are particularly honored to welcome Prof. Young Jae Jang,
Department of Industrial and Systems Engineering, KAIST as our keynote speaker, as well as
Dr. Georg Laipple from Robert Bosch GmbH as our industrial speaker. We sincerely thank
them, together with all contributing authors, for sharing their expertise and insights.

We would also like to express our gratitude to Christos Papadopoulos, who founded this
conference series, and to all past organizers whose dedication and commitment have sustained
and shaped SMMSO over the years.

Finally, we thank all participants and their accompanying guests for joining SMMSO 2026.
We hope you have a rewarding stay in Germany, enjoy the planned activities, and take away
both valuable scientific insights and meaningful professional connections.

Sincerely,

The SMMSO 2026 Organizing Committee



Proceedings

Keynote

Prof. Young Jae J ang, Department of Industrial and Systems Engineering, KAIST

Title: Manufacturing Physical Al: Architecting Autonomous Factories through VLMs, Sim-to-
Real Learning, and Open Testbeds

Abstract: Manufacturing systems are rapidly evolving toward large-scale autonomous environ-
ments in which thousands of heterogeneous robots, automation devices, and software systems
must operate as a coherent whole. In this setting, traditional rule-based automation and isolated
Al solutions are no longer sufficient to achieve scalability, robustness, and economic efficiency.
This keynote introduces Manufacturing Physical Al as a new foundational paradigm for next-
generation manufacturing systems. Manufacturing Physical Al is defined as an integrated frame-
work that combines Vision-Language / Vision-Language—Action models (VLM /VLA), Software-
Defined Manufacturing (SDM), and Sim-to-Real learning enabled by Digital Twins and Rein-
forcement Learning. Rather than optimizing individual machines or robots in isolation, this
approach treats the entire factory as a single intelligent physical system capable of perception,
reasoning, decision-making, and autonomous action. A key technical contribution discussed in
this talk is the hybrid control architecture that integrates conventional stochastic network mod-
eling with advanced data-driven learning methods. Stochastic network flow models are employed
to capture uncertainty, congestion, and variability in manufacturing traffic, enabling predictive
modeling of material and robot flows. These models are combined with reinforcement learning
and digital twin-based learning to generate adaptive and anticipatory traffic control policies
for large-scale robot fleets. This fusion allows robust robot control under uncertainty while
preserving scalability and real-time responsiveness. The keynote presents how this Manufactur-
ing Physical Al framework enables large-scale orchestration and collective control of heteroge-
neous robotic systems, including AMRs, OHTs, robotic arms, and automated storage systems.
Through high-fidelity digital twins, control policies are trained, validated, and optimized in vir-
tual environments and then reliably transferred to real factories using sim-to-real techniques.
Real-world industrial deployment cases from semiconductor and battery manufacturing facili-
ties are presented, demonstrating measurable improvements in operational efficiency, scalability,
robustness, and deadlock-free performance. These cases illustrate how Manufacturing Physi-
cal Al moves beyond academic concepts to production-grade solutions operating in complex,
high-volume manufacturing environments. Finally, the talk introduces the newly established
Manufacturing Physical Al testbed at KAIST, designed as an open experimental platform for
the academic community. This testbed enables reproducible research, large-scale experimenta-
tion, and collaborative development of Physical Al technologies, accelerating the transition from
theory to real-world manufacturing impact.
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Optimal Dynamic Scheduling Policy for a Two
Product Make-To-Stock Production System with
Exogenous Returns

Arash GANDOMKAR GHALHAR, Fikri KARAESMEN
Dept. of Industrial Engineering, Ko¢ University, Sariyer, Istanbul, Turkey aghalhar22 @ku.edu.tr , fkaraesmen @ku.edu.tr

We investigate a two-class make-to-stock production system served by a single shared resource, where finished
goods may be returned to inventory. Returns are fully substitutable for newly manufactured items and arrive as
an exogenous process independent of demand. The production controller dynamically allocates capacity across
product classes to minimize the expected long-run average cost, including linear holding, backorder, and production
costs.

We characterize the structure of the optimal policy and propose a scalable index-based approximation that
closely matches optimal performance in numerical experiments.

Key words: Manufacturing Flow Control; Remanufacturing; Markov Decision Processes

1. Introduction

Modern supply chains often produce multiple products on shared resources under uncertainty, mak-
ing it essential to allocate capacity dynamically to control holding and backorder costs. While
make-to-stock rules work well in single-product settings, multi-class systems are harder because
producing one item reduces capacity available to others, so priorities must adapt to the current
inventory and demand state (Ha 1997, Veatch and Wein 1996). At the same time, managing prod-
uct returns has become increasingly important due to sustainability initiatives and the growing use
of remanufacturing and refurbishment. Because returns can significantly change inventory dynam-
ics and costs, incorporating them into production-control models is critical (Zerhouni et al. 2013,
Vercraene and Gayon 2013).

In addition, recent works integrate returns and remanufacturing directly into state-dependent
make-to-stock control by treating forward production, purchasing, and reverse flows as coupled
decisions. Karabag et al. (2025a) show that leveraging real-time information on products in use (as
a predictor of future returns) can improve production and remanufacturing decisions and clarifies
when sustainability constraints change the optimal balance between new production and remanu-
facturing. Karabag et al. (2025b) consider a system by modeling quality-differentiated returns and
demonstrate that optimal purchasing and remanufacturing policies are inherently state-dependent,
reflecting trade-offs between inventory positions, conversion options, and service outcomes. Song
et al. (2025) similarly develop optimal purchasing and production control for a circular production
system, highlighting how the structure of processing and material availability shapes the resulting
priority and threshold-type policies.

Motivated by these trends, we study a two product make-to-stock system with returns. Demand
for each class is stochastic and unmet demand is backordered. A single server produces one unit at
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a time with exponential processing times. Returns are independent and always accepted. Returned
items first fill backorders and otherwise increase finished-goods inventory. At each decision epoch,
the manager either produces one unit of a chosen class or idles, giving three actions. We formulate
the problem as an MDP and compute and compare the performance of heuristic policies with respect
to the optimal policy.

Our goals are to (i) study the structure of optimal policies and build accurate approximations for
the two-class case, (ii) estimate long-run average costs using uniformized relative value iteration on
a truncated state space, and (iii) evaluate implementable heuristics (FCFS, base-stock FCFS, and
static priorities) against the optimal benchmark. Overall, the results provide practical guidance for
state-dependent scheduling in a two-product system with returns.

2. Model

2.1. Formulation

We consider a continuous-time, two-product make-to-stock system with returns and a single shared
production resource. There are two item types, indexed by i € {1,2}, and the controller may switch
the server at any time among products (or keep it idle). Switching is preemptive and incurs no cost.

Return Rate 81

Ample Raw
Inventory of
product 1

Finished Good
Inventory of
product 1

l Return Rate 8

Finished Good
Inventory of
product 2

Demand Rate Aq

Manufacturing
Process
(rate ;)

Production Decision

Ample Raw
Inventory of
product 2

Demand Rate Az

Figure 1. Two Product Make to Stock System with Returns

Let X;(t) € Z denote the net finished-goods inventory level for product 7 at time ¢: X;(¢t) > 0
represents on-hand stock and X;(t) < 0 represents backlog. We write the system state as X (t) =
(X1(t), Xo(t)) € Z2, and let e; denote the ith unit vector. Customer demands for product i arrive
according to an independent Poisson process with rate A; > 0, and each demand decreases the state
by one unit of that product, i.e., X () — X (t) — e;.

The production server can be idle (@ = 0) or assigned to a product a =i € {1,2}. When the
server works on product i, completion times are exponential with rate y; > 0, and each completion
increases inventory by one unit, X (¢) — X (¢) + e;. We allow a per-completion manufacturing cost
ki > 0 when producing type :.

Inventory performance is evaluated through linear holding and backorder costs. For a state x €
72, the instantaneous cost rate is

2
c(z)= Z(hlxj + bix;), x:r =max{x;,0}, x; =max{—xz;,0}, (1)

=1
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where h;,b; > 0. Under a stationary Markov policy 7 and initial state s, the long-run average cost
is

1
T(s):=1i —E7
g™ (s) imsup - B

T—o00

T 2
/ e(X(t)dt+> ki NJ(T)|,

0 i=1
where N/ (T') is the number of type-i production completions by time 7". Our objective is to mini-
mize ¢ (s) over stationary Markov policies.

In addition to production, finished-goods returns for product i arrive exogenously as an indepen-
dent Poisson process with rate d; > 0 (independent of demand and control). Each return adds one
unit of product i to the system, i.e., X () — X (t) + e;.

To study policy structure, we work with a uniformized discounted dynamic program and then
connect the results to the average-cost problem via vanishing-discount arguments.

3. Concluding Remarks
We studied dynamic scheduling in a two-product make-to-stock system with finished-goods returns.
Using discrete-event simulation to evaluate implementable policies and value iteration for optimal
benchmarks, we find that state-dependent rules—particularly Index policies—achieve performance
close to optimal control, outperform static-priority rules, and reproduce the switching-curve struc-
ture of the optimal policy.

Future work includes extending the analysis to more than two classes, likely requiring approxi-
mate dynamic programming or reinforcement learning, and developing cost-weighted indices that
can be learned online to adapt to realized demand and return patterns.

Acknowledgments
European Union’s Horizon 2020 Research and Innovation Programme [AutoTwin project under grant agree-
ment No. 101092021].
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Optimal Dispatching in Reentrant Systems

Tobias Bosse
Robert Bosch GmbH, Reutlingen, Germany

Ellen Hahne
Westfield, New Jersey, USA

Stan Gershwin
Massachusetts Institute of Technology, Cambridge, USA

Kai Furmans
Karlsruhe Institute of Technology, Karlsruhe, Germany

While linear production systems have been studied successfully, manufacturing systems characterized by the reen-
trant paradigm lack tractable analytical models. An example of such a system is a semiconductor wafer fabrication
facility, where parts revisit processing stages multiple times. The cyclic dependencies in reentrant flows cause
exponential growth in analytical complexity. We model a minimal two-machine reentrant system with unreliable
machines and finite buffers where the revisited machine requires a dispatch policy to select the next operation. We
formulate this as a Markov decision process and evaluate exact Markov chains based on their steady-state distribu-
tion. Under the throughput-maximizing policy, the system becomes isomorphic to a tandem queue. This structure
could be exploited to untangle reentrant flows and suggests a method of decomposition or an applicable heuristic
for larger systems.

Key words: Reentrant Systems; Scheduling; Markov Decision Process; Tandem Queue

1. Introduction

In semiconductor wafer fabrication, a single wafer may visit the same processing tool dozens of
times (Monch et al. 2013). Between visits, the wafer undergoes different operations at other tools.
This pattern—where parts return to previously visited machines—defines a reentrant manufacturing
system. Managing these systems is difficult: when a machine serves multiple operations, which
operation proceeds next must be selected.

Tandem production lines - where material flows in one direction - are well understood. Analytical
methods decompose long lines into machine pairs connected by buffers (Gershwin 1994). Reentrant
flows break this framework. The cyclic structure causes state spaces to grow exponentially with
buffer size, and no analogous decomposition method exists.

We study a minimal reentrant system with two unreliable machines and finite buffers. We show
that the throughput-maximizing dispatch rule is a Yoked policy that makes the reentrant system
isomorphic to a two-machine tandem line.

2. Modeling Approach
The model consists of two unreliable machines, M; and My, characterized by independent geo-
metric failure and repair times. Parts follow M7 — Ms— M, with finite buffers By and By between
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Figure 1. Topology of the reentrant model. Figure 2. Equivalent two-machine line.

operations (see Figure 1). Processing times are 1, 2, and 1 for the three visits. M5 is blocked when
By is full and starved when B is empty. M is blocked from Loading when B; is full and starved
from Delivering when By is empty. Unlimited upstream supply is available to Load new parts into
the system, and unlimited downstream buffer space is available to Deliver finished parts. When both
operations are available, the dispatch policy selects the next operation of M;. My processes a part
if possible.

3. Method

Each deterministic dispatch policy defines a Markov chain. We compute the steady-state distribu-
tion to obtain long-term average throughput and work-in-process. The number of possible policies
is 2(N*) where N is the capacity of each buffer. For small buffers, we enumerate all policies and
compare their throughput. For larger buffers, enumeration becomes intractable, so we apply rein-
forcement learning with policy iteration to find the throughput-maximizing policy (Sutton and Barto
2018). Independent analysis using a restricted class of policies yields similar results, suggesting
Blackwell optimality.

4. Results

To simplify the analysis, we reformulate the system with state transitions every two time steps,
eliminating the boolean state variable tracking Machine 2’s processing progress. Let by, denote the
current number of parts in buffer By, and let NV denote the capacity of each buffer. Optimal policies
couple Load and Deliver to keep the overall system half full, i.e., to keep the total occupancy by + bo
at N. This balance minimizes blocking and starvation at M> and collapses the state space: with total
occupancy regulated, b; is determined by bo. Omitting the redundant variable yields a state space
equivalent to the two-machine tandem line shown in Figure 2, where buffer B also has capacity N.
A simple version of the policy can be stated as follows, which we call the Yoked policy because it
couples Load and Deliver operations:

7 (b1, by) = { Load, b1 + by < N

Deliver, else

)]

10
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Figure 3. Simulated throughputs of a system with buffer sizes (12]12).

We evaluate three dispatch policies: “Always-Load” loads parts into the system if possible, oth-
erwise parts are delivered. “Always-Deliver” delivers parts from the system if possible, otherwise
parts are loaded. “Yoked” applies the policy defined in Equation (1). Figure 3 shows the through-
put distribution across these policies. ““Yoked” achieves 0.436 parts per time step, exceeding the
Always-Load and Always-Deliver baselines at 0.428 parts per time step; a result confirmed by
simulation and steady-state analysis. The optimal policy stabilizes average work-in-process at 11.5
parts by regulating total system occupancy, while Always-Load accumulates 16.8 parts on average
and Always-Deliver maintains only 7.2 by clearing parts more aggressively. The optimal policy
depends on buffer occupancies, not machine states, balancing blocking and starvation at Machine
2 by regulating total buffer occupancy. The reentrant flow can be visualized as two parallel tandem
queues: parts flow from M; to M, with each Load, while empty buffer space “flows” from M to
Mo with each Deliver. M requires both to operate, which explains why the optimal policy couples
the two operations. Under the Yoked policy, the reentrant system and the tandem queue produce
identical Markov chains. With b = b; (equivalently b, = N — b;), corresponding transitions have
identical probabilities. The constraint by + bo = NN eliminates cyclic complexity and reduces the
two-buffer reentrant system to a single-buffer tandem queue. This isomorphism unlocks analytical
tractability and suggests decomposition methods for larger reentrant networks.
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An Optimization Method for Production Line
Profit Maximization under Probabilistic Waiting
Time Constraints

Chuan Shi

School of Data Science, The Chinese University of Hong Kong, Shenzhen

Stanley B. Gershwin

Department of Mechanical Engineering, Massachusetts Institute of Technology, Retired

We study a production line profit maximization problem with a probabilistic waiting time constraint motivated
by quality-sensitive manufacturing. The main challenge is that the waiting time distribution in a finite-buffer line
with unreliable machines can be evaluated numerically but is not available in closed form, so it cannot be directly
embedded in gradient-based buffer optimization. We propose an iterative surrogate framework that replaces the
probabilistic constraint with an average waiting time constraint derived from Little’s law and then searches over
the surrogate parameter to recover feasibility for the original problem. Numerical experiments on 200 randomly
generated four-machine lines show that the proposed method produces solutions nearly identical to those obtained
by direct surface search.

Key words: production line optimization; buffer allocation; probabilistic waiting time constraint; chance
constraints; decomposition method

1. Introduction
In quality-sensitive manufacturing systems, a part may not be allowed to wait too long between
successive operations. This issue is especially important in semiconductor manufacturing, where
excessive waiting may lead to yield loss, rework, or scrap (Lee and Park 2005, Kitamura et al. 2006,
Kim et al. 2003). Such requirements motivate a buffer allocation problem with an explicit waiting
time guarantee.

We consider a serial production line with unreliable machines and finite buffers in the discrete-
time framework of Gershwin (1994). The decision variable is the vector of buffer capacities N =
(N1,...,Ng_1). The objective is to maximize

k1 k1
J(N) = AP(N) —sz’Nz‘ _Zciﬁi(N)a (1
i=1 i=1

subject to a production-rate requirement and a probabilistic waiting time requirement at a critical
buffer B;:

P(N) > P, 2
prob(T'(N) <W;) > 1—a, 3)

together with lower bounds on the buffers. Here P(IN) is the line production rate, 7;(IN) is the
average inventory of buffer 5;, and T'(IN) is the waiting time of a part in B;.

The key computational difficulty is that the distribution of 7'(IN) can be computed numerically
using the waiting time analysis of Shi and Gershwin (2016) combined with decomposition (Gersh-
win 1987), but it does not have a closed form. Therefore, the chance constraint in (3) cannot be
directly embedded in the continuous optimization framework used for buffer design. Our contri-
bution is an iterative surrogate-based method that converts the original problem into a sequence
of tractable constrained optimization problems and then recovers a solution satisfying the original
probability requirement.

12
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2. Surrogate framework
To bypass the intractable probabilistic constraint, we introduce an average waiting time surrogate
using Little’s law:

n; = P(N)E[T], (4)
which leads to the surrogate constraint
n; < (SW%P(N), 5
where § > 0 is a scalar controlling the tightness of the approximation. For a fixed §, we solve
J(IN 6
max (N) (6)

subject to (2), (5), and the lower bounds on N;.

This surrogate is not claimed to be an exact analytical reformulation of the chance-constrained
problem. Instead, it yields a family of tractable optimization problems indexed by J. The original
probability requirement is enforced through an outer one-dimensional search over §:

1. choose a value of § and solve the surrogate problem;

2. compute prob(T(N(4)) < W) for the resulting solution N(9);

3. adjust ¢ until the probability requirement in (3) is met while preserving maximal profit.

Operationally, this procedure links a difficult chance-constrained problem to a sequence of
smoother optimization problems that can be handled with decomposition-based performance eval-
uation and KKT-type analysis.

3. Solving the surrogate problem

For a fixed ¢, the surrogate problem remains nonlinear because both P(N) and 7n;(IN) depend
nonlinearly on the buffer sizes. Its structure can be classified by the activity of the production-rate
and surrogate constraints; Table 1 summarizes the five cases.

Case Rate constraint Surrogate constraint
1  infeasible with the other infeasible with the other
2 active active
3 active inactive
4 inactive active
5 inactive inactive

Table 1. Constraint activity cases.

Cases 3-5 reduce to simpler or previously studied problems, so the main difficulty is Case 2,
where both constraints are active:

P(N)=P,  7i:(N)=0W:P(N). (7)

Treating N as continuous, we apply the KKT conditions. The gradient of P(IN) is strictly pos-
itive (Shi 2012), whereas the gradient of 72;(N) has positive upstream and negative downstream
components relative to B;, implying linear independence of the two active constraint gradients in
the generic case.

Let po > 0 and pg > 0 be the multipliers associated with the surrogate and production-rate con-
straints. The stationarity condition is

~VJ(N) + o (Vﬂ;(N) - 5W;VP(N)) — u,VP(N) =0. ®)

13
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For a given pair (uo, pix), this is equivalent to maximizing

k—1 k—1
J(N) = (A+ podW; + py,) P(N) — Z biN; — Y ¢ini(N) — ponz(N), )
=1 =1

subject to the lower bounds on buffer sizes. The Case 2 solution is obtained by a two-dimensional
search over (g, 1) until (7) holds.

4. Numerical results
We tested the proposed framework on 200 randomly generated four-machine, three-buffer produc-
tion lines following Gershwin (2011). Machine isolated efficiencies were between 0.923 and 0.952.
The target production rate P was set to 0.86, 0.87, or 0.88, the revenue coefficient was A = 2000,
and the waiting time confidence level was 1 — a = 0.9. For each line, one buffer was randomly
chosen as the critical buffer.

To assess solution quality, we compared the proposed algorithm with a direct surface search
that checks feasibility using the original production-rate and probabilistic waiting time constraints.
Table 2 summarizes the results.

Metric Result
Identical buffer allocation to surface search 146 /200
Average profit error 0.002%
Average production rate error 0.01%
Average maximum buffer size error 1.77%

Table 2. Results for 200 test lines.

We also compared the decomposition-based estimate of prob(7'(IN*) < W) with discrete-time
simulation and found very close agreement across all instances, with only a slight optimistic bias
in the analytical approximation.
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Rising energy costs are driving manufacturing toward improved energy efficiency; however, effective optimiza-
tion is often hindered by traditional linear models that fail to capture the nonlinear relationship between energy
consumption and processing rates. To address this limitation, we jointly optimize the processing rates and the
CONWIP level of a CONWIP-controlled serial production line with quadratic energy costs and linear CONWIP
costs, subject to a throughput target and rate constraints. We model the line as a closed cyclic queueing network
and incorporate two Energy Management during Machine Starvation (EMMS) policies (idling and shutdown), with
their optimal selection treated as part of the optimization. We decompose the problem into two hierarchical sub-
problems. For a fixed CONWIP level, we obtain the processing rates from a nonlinear constrained formulation
based on the Bard-Schweitzer approximation to MVA and its associated KKT conditions. We then optimize the
CONWIP level via a discrete search procedure supported by a variable transformation that ensures asymptotic con-
vexity of a relaxed cost function. Sensitivity analyses show that increasing energy costs shift the optimal solution
toward higher CONWIP levels, enabling more energy-efficient processing rates—a qualitative effect that linear-
cost models cannot capture—while numerical experiments confirm millisecond-level computational efficiency.

Key words: Serial production lines; Nonlinear energy consumption; CONWIP; MVA; KKT; MINLP

1. Introduction

Improving energy efficiency has become a critical objective in manufacturing, driven by rising
global energy prices and increasingly stringent environmental regulations. Modern manufactur-
ing technologies enable machines to operate at controllable processing rates, allowing operators
to dynamically balance throughput and operational costs. However, traditional operations manage-
ment models usually simplify this relationship by assuming a linear dependence between energy
use and processing rates (Gutowski et al. 2006), while empirical and mechanistic studies have
shown that energy consumption is intrinsically nonlinear and predominantly quadratic in the rates
(Hu et al. 2012, Imani Asrai et al. 2018). This implies that increasing processing speeds to boost
throughput leads to a disproportionate rise in energy consumption.

At the system level, production performance is strongly influenced by Work-In-Progress (WIP)
inventory. The CONWIP policy is widely used to control WIP, stabilize throughput, and reduce
lead times (Spearman et al. 1990). At the same time, buffer allocation and space capacity decisions
play a crucial role in determining system performance (Liberopoulos 2020). When nonlinear energy
costs are considered alongside linear space capacity costs, a fundamental trade-off emerges. Oper-
ating at a low CONWIP level reduces inventory-related costs but requires higher processing rates to
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meet throughput targets, thereby incurring significant energy penalties. Conversely, reducing pro-
cessing rates to save energy necessitates a higher CONWIP level to maintain throughput, leading to
increased space capacity costs. In addition, machine starvation management policies, such as idling
and shutdown, introduce continuous and fixed costs that further complicate system behavior.

Despite the growing body of research on energy-efficient production and CONWIP-based con-
trol, most studies treat processing rate decisions and WIP regulation separately, often relying on
simplified linear energy cost assumptions (Glock and Grosse 2021). As a result, the interaction
between nonlinear energy costs and system-level control policies remains insufficiently understood,
particularly in stochastic production environments.

We address this gap by jointly minimizing total cost per unit time, comprising quadratic energy
use costs and linear space capacity costs, over processing rates and CONWIP level, subject to a
throughput target and rate constraints. We argue that joint optimization under nonlinear energy
costs produces qualitatively different operating policies than linear-cost approaches, and develop a
hierarchical solution method to demonstrate this.

2. Problem Description

We consider a serial production line of M non-identical single-machine workstations. Processing
times are exponentially distributed with controllable rate 1, and the system operates under a CON-
WIP policy maintaining a fixed WIP level K, modeled as a closed cyclic queueing network. System
performance is evaluated using Mean Value Analysis (MVA).

Our objective is to minimize expected total cost per unit time, comprising (i) a linear space capac-
ity cost in the CONWIP level (¢ K) and (ii) quadratic energy consumption costs in the processing
rates (Zﬁl co; + c1ip; + CQZ‘,LLZZ). We incorporate EMMS policies (idling and shutdown), which
introduce fixed operating costs (co; per unit time if machine ¢ remains idle) and startup costs (cg;
per startup if machine ¢ is shut down), and treat the choice between them as part of the optimization.

We formulate a joint optimization problem over p and K, subject to a throughput target (\),
upper bounds on the processing rates (fi;), and system dynamics controlled by the MVA equations.
Due to the strong coupling between these decisions, we decompose the problem into two subprob-
lems: Problem (P1) optimizes p for a fixed K'; Problem (P2) determines the optimal integer K.

Problem (P1) is addressed by replacing the exact MVA equations with the Bard-Schweitzer
approximation, which is chosen for its accuracy-efficiency balance in closed queueing networks,
to derive tractable KKT conditions, solved via a Nested Bisection Algorithm. For Problem (P2),
a change of variables reveals that a relaxed version of the cost function is asymptotically convex,
enabling a Hybrid Discrete Bisection Search Algorithm to identify the global optimum with guaran-
teed convergence. This hierarchical decomposition avoids the combinatorial complexity of solving
the full MINLP directly while maintaining high solution accuracy.

3. Numerical Results and Conclusions
To evaluate the proposed framework, we conduct numerical experiments assessing solution
accuracy and computational efficiency across a range of system configurations, demonstrating
millisecond-level computation times throughout.

The results confirm that joint optimization of processing rates and CONWIP level is essential
for cost-efficient operation, and that nonlinear energy costs produce qualitatively different optimal
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policies than linear-cost models would predict. Higher quadratic energy costs lead to increased
CONWIP level, enabling lower, energy-efficient processing rates while maintaining throughput;
tighter WIP control forces higher processing speeds, causing disproportionate energy consumption.

In a representative configuration (M = 10, A = 12, cx = 0.022), we defined the nominal energy
cost coefficients as ¢y = 0.06, ¢; = 0.003, co = 0.0009, and ¢s = 0.004, and the nominal maximum
processing rate as j; = 18. To account for heterogeneity, the actual coefficients for each machine 7
were subjected to independent random noise: specifically, cx; = cx(1 + ¢;) with ¢; ~ U[—0.5,0.5]
for cost factors, and fi; = 1 + €,; with €,; ~ U[—2,2] for processing rates. The results high-
light a critical trade-off that linear-cost models systematically fail to capture: doubling the baseline
quadratic cost ¢ increases the optimal CONWIP level by 27% while reducing the average process-
ing rate by 6%; tripling co raises the optimal CONWIP level by 56% and reduces the processing
rate by 10%. Furthermore, we compared our joint optimization method against a standard linear
energy model, which fixes processing rates at their maximum and optimizes only the CONWIP
level. The proposed method significantly reduced unit-time costs as ¢y increased, yielding savings
of 6% at co = 0.0018, 13% at co = 0.0045, and 19% at ca = 0.009. These results confirm that joint
optimization effectively leverages the non-linear relationship between speed and energy use.

The analysis also highlights the impact of EMMS policy selection. High startup costs favor idling
over shutdown, while lower startup penalties combined with high energy costs make shutdown
more attractive, confirming that optimal EMMS decisions depend critically on the relative magni-
tude of fixed and variable costs, and validating the importance of treating the EMMS choice as an
endogenous optimization decision rather than an exogenous modeling assumption.

From a managerial perspective, these findings offer concrete operational guidance: production
managers should raise CONWIP level, rather than simply throttle processing rates, when energy
prices increase, and select starvation management policies based on the startup-to-energy cost ratio
rather than operational convention. These findings show a fundamental space-for-energy substi-
tution paradigm in sustainable manufacturing, demonstrating that strategically expanding buffer
capacity is an effective approach to unlock the economic benefits of energy-efficient machining.
Furthermore, the principles of this energy-aware joint optimization transcend manufacturing, offer-
ing direct applicability to resource allocation in digital infrastructures like data centers.

Future research could extend this framework to complex topologies and incorporate uncertainties
such as time-varying demand, machine failures, and dynamic energy pricing.
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In many manufacturing environments, production yields are random and may vary over time, creating significant
challenges for effective production planning. This paper studies a finite-horizon production planning problem with
random, time-varying yields under limited prediction availability. At each decision period, the planner observes
the current inventory level together with yield-related features for a finite number of upcoming periods, which
can be used to inform yield predictions. Beyond this prediction horizon, such features are unavailable, and yield
behavior is therefore approximated using long-run average information. We formulate a dynamic programming
model that captures these informational limitations and determines production decisions by balancing production
costs, inventory holding costs, and terminal penalties for both excess inventory and inventory shortfalls at the end of
the planning horizon. The analysis reveals a fundamental trade-off between producing early to hedge against yield
risk and waiting to avoid surplus inventory. We examine how the length of the yield prediction horizon influences
the optimal policy and expected costs. Our results demonstrate that leveraging even a short-term yield forecast can
substantially improve performance compared to relying on a long-run average yield. These findings highlight the
value of aligning production decisions with the limited predictive information typically available in practice and
provide insights into effectively integrating short-term yield forecasts into finite-horizon production planning.

Key words: Production Planning; Yield Uncertainty; Limited Lookahead; Dynamic Programming; Inventory
Control

1. Introduction

Production planning is often complicated by uncertainty in production yields, that is, the proba-
bility that a production attempt generates a usable unit. Classical inventory and production models
frequently assume deterministic or stationary yields, although prior research has shown that yields
are affected by scrap, rework, inspection failures, and process variability (Yano and Lee 1995, Wein
1992). Ignoring this uncertainty can lead to poor production timing, underestimated capacity needs,
and excessive inventory costs.

In practice, yield uncertainty is often both stochastic and time-varying. This is particularly impor-
tant in settings such as semiconductor manufacturing, where yields may change across lots and over
time (Kumar et al. 2006, Milor 2013). Learning, process improvement, equipment deterioration,
and changing operating conditions can all affect yield behavior (Argote and Epple 1990, Lapré et al.
2000). Recent work also suggests that part of this variability can be explained using observable
process features, making short-term yield prediction feasible (Bibak and Karaesmen 2025).

Motivated by these observations, we study a finite-horizon make-to-stock problem with stochas-
tic, time-varying yields and limited lookahead information. At each decision epoch, the planner
observes the current inventory and yield estimates for only the next few periods; yields beyond
that horizon are represented by a long-run average. We formulate a dynamic program to study how
limited forecast visibility affects production decisions and cost performance.
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2. Model

We consider a finite-horizon make-to-stock system over periods ¢t =0,1,...,7T — 1, with terminal
time 7. The planner aims to meet a target demand level d by time 7' by dynamically making
production decisions over the horizon.

In each period, the planner chooses

ag € {07 1}7

where a; = 1 means production is attempted.

If production is attempted in period ¢, one usable unit is obtained with probability P(Y;(6;) = 1),
where 6; is a vector of observable yield-related features. Based on 6;, the planner uses a prediction
model to estimate

pr =P(Y(0r) =1 6;).

Inventory evolves as
Tip1 = ¢+ Yi(6y). (D

Each production attempt incurs cost ¢, and inventory held from one period to the next incurs cost
h per unit. At the terminal time, shortage and excess inventory are penalized with unit costs b and
o, respectively, giving terminal cost

har +b(d —z7)" +o(zr —d)T. (2)

The objective is to minimize expected total cost:
T T—1
E tht—i-ant+b(d—xT)++0(acT—d)+ ) 3)
t=1 t=0

Let V;(z) be the minimum expected cost-to-go from period ¢t onward when inventory is . Then
Vr(x)=hx+b(d—2)" +o(z—d)*,
and fort < T,

Vi(z) = ag(i)nl} {ca+hx+pVipi1(x+a)+ (1 —p)Vigr(x)}. 4)

We assume limited lookahead information: at time ¢, the planner observes feature vectors

(Hta 9t+17 ey 6t+L71)7
which generate yield estimates
(Dts D41, -+, P L—1)-

Beyond this horizon, yield probabilities are approximated by a baseline average p. The planner re-
solves the dynamic program each period using the currently available estimates, yielding a rolling-
horizon policy.
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3. Conclusions

We examine how limited yield forecast horizons affect production decisions and cost performance
in a finite-horizon make-to-stock system under random yield. By explicitly modeling the availability
of short-term yield information, our dynamic programming framework sheds light on the interaction
between yield uncertainty and planning horizon. A key finding is that acknowledging the limits
of forecast visibility can materially improve decision-making. Even a modest lookahead—such as
yield information for only a few future periods—enables the planner to better time production in
anticipation of yield fluctuations. This leads to meaningful cost reductions relative to policies that
rely on stationary yield averages or ignore near-term yield information altogether. In particular,
limited-lookahead policies can hedge against anticipated yield deterioration by producing earlier,
or defer production when favorable yields are expected, thereby reducing the likelihood of large
end-of-horizon shortages or surpluses.
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Queue-time (Q-time) constraints arise in production systems where excessive waiting between
consecutive processing stages may lead to quality degradation and product scrap or rework. This
work presents an approximate analytical model for the performance evaluation of two-stage
production systems with parallel machines separated by an intermediate buffer subject to a finite Q-
time constraint. The proposed model is based on a steady-state Markovian method for production
systems with finite buffer capacity, multiple operational states, and generalized threshold-based
control. The generalized thresholds allow modeling of machine state-dependent hedging point
policies by linking upstream production decisions to downstream operational conditions and buffer
levels. This steady-state representation is coupled with a Markov-modulated fluid process that
captures the stochastic cumulative production dynamics governing Q-time violations, enabling joint
evaluation of throughput performance and violation-induced yield losses. The explicit representation
of hedging point policies allows systematic optimization of threshold parameters and structured
exploration of their impact on system behavior.

Keywords: Stochastic Model; Queue-Time Constraints; Analytical Model; Performance Evaluation; Semiconductor

1 Introduction

In production systems subject to process queue-time constraints, an upper bound is imposed on the total time
elapsed between specific manufacturing steps to preserve product quality (Wu et al., 2016). In semiconductor
manufacturing, for example, if the time constraint is not satisfied, wafers may experience quality degradation,
leading to scrap or the need for costly rework (Klemmt and Mdnch, 2012). When a lot reaches the starting
point of a time-constrained processing sequence, a decision must be made on whether to release it and activate
the corresponding time constraint (May et al., 2024). In practice, this decision is often complex and time-
critical and is frequently taken manually based on operator experience and heuristic rules (Lima et al., 2017b).
Most of the existing literature addresses time constraints at the scheduling level or at the dispatching level.
Only a few studies address time constraints at the capacity planning level. Recently, Mastrangelo et al. (2024)
introduced a Markovian-based analytical model for the performance evaluation of time-constrained
production systems, incorporating hedging point policies that regulate the activation and deactivation of
upstream machines depending on the buffer level. Hedging point policies are a well-established class of
threshold-based production control strategies used to regulate production rates in stochastic manufacturing
systems (Gershwin, 1994). In dynamic and stochastic production environments, analytical performance
evaluation models are essential to capture the complex interactions between production variability and
control policies (Carabelli et al., 2026). However, in previous work the control policy is limited to switching
upstream machines on and off depending on the buffer level, while the throughput of parts violating the time
constraint is estimated using a simplified average-based approximation. This study introduces an analytical
performance evaluation model for two-stage production systems subject to queue-time constraints. In
particular, the proposed approach introduces an explicit analytical formulation for the accurate evaluation of
queue-time violations based on a transient Markovian model. This formulation is coupled with a steady-state
Markovian analytical model of a two-stage production system with parallel machines and an intermediate
buffer. The steady-state model incorporates generalized threshold-based control points that represent hedging
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point policies regulating upstream capacity. The proposed control points incorporate not only the buffer level
but also information about the operational conditions of the downstream stage. Moreover, the control action
is not limited to switching upstream machines on or off but can also regulate their production rate, enabling
a more flexible modulation of upstream capacity. As a result, the model enables the efficient identification
of optimal hedging points by explicitly accounting for both the throughput of conforming parts and the
throughput of parts that violate the time constraint.

2 Methodology

A two-stage production system is considered, composed of an upstream stage, a downstream stage, and an
intermediate buffer of size N. The upstream stage operates in a finite set of states U. A generic upstream state
Sy € U is associated with production rate p(S,). Similarly, the downstream stage operates in a finite set of
states D, where a generic state S; € D is characterized by production rate p(Sq). Both stages are modeled as
continuous-time, discrete-state Markov chains. The overall system state is therefore described by the triple
(%,Su, Sq), with x representing the number of parts in the buffer. A queue-time constraint T, is imposed
between the completion of the upstream processing stage and the start of the downstream stage. For joint
states in which the upstream production rate exceeds the downstream processing rate, the buffer level x tends
to increase. As the Work in Progress (WiP) level grows, the waiting time experienced by released parts also
increases, which may lead to violations of the queue-time constraint. To mitigate this effect, a hedging point
H(Sy) is defined for each downstream state S, corresponding to a threshold level of the intermediate buffer.
When the buffer level reaches this threshold, the upstream stage is regulated so that its production rate
matches the downstream processing rate. If the system operates above this threshold, the upstream stage is
temporarily halted until the buffer level decreases back to H(Sy).

The steady-state behavior of the system is evaluated using a threshold-based analytical model based on Tolio
and Ratti (2018). The model is adapted to incorporate the control logic induced by the hedging point policies.
Given the upstream and downstream Markovian states and the corresponding hedging points H(S), the
analytical formulation provides the state-based internal probabilities f(x,Sy,Sp) and the state-based
threshold probabilities m(x*, Sy, Sp), where x* denotes a generic threshold level. These quantities
characterize the steady-state behavior of the controlled production system and allow the total system
throughput to be computed directly as in Equation 1.

theor = Y5, T la(Sa) Uy £, SuSa)dx +m(x*, Sy, Sp)] (1)

From the steady-state solution it is possible to compute the throughput of parts released into the buffer for
each system state by discretizing the buffer level as in Equation 2 and Equation 3.

thy (¥, Su Sa) = [ f (S SIN(S) 2)

thr(X*:Su'Sd) = T[(X*,Su, Sd).u(su) (3)

For each combination (X;, Sy, Sq), the probability that a released part is processed by the downstream stage
within the queue-time limit T, must then be evaluated. To this end, a transient analytical model is developed
to compute the probability p, (x;, S, Sgq) that the waiting time experienced by a part violates the queue-time
constraint. The formulation is based on the framework for computing first passage times in Markov-
modulated fluid models as in Scheinhardt et al. (2005), where the transient evolution of the system is obtained
by solving the Kolmogorov forward equations. From the transient model it is also possible to compute the
probability that a part violates the queue-time constraint even when scrapping of parts ahead in the buffer
occurs, denoted as ps(x;, Sy, Sq). By accounting for this effect, the final expression for the violation
throughput can be derived as follows:

thyiolation = Zsu st in th, (xi' Sw Sd)pv (X0, Swr Sa)ps (xi) Su, Sa) 3)

An overview of the model is shown below in Figure 1.
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Figure 1. Model Overview

3 Conclusions

This work introduces an analytical framework for the performance evaluation of two-stage production
systems subject to queue-time constraints. The proposed model enables the complete analytical evaluation
of system performance and allows rapid performance assessment, making it suitable for the optimization of
hedging control policies. In particular, the framework enables the identification of hedging points that
balance the cost associated with violation throughput and the profit generated by the throughput of
conforming parts. Adopting conservative hedging policies may reduce the number of parts violating the
queue-time constraint, but may also increase the risk of starvation in the downstream stage, thereby reducing
overall system productivity. Identifying an optimal trade-off between these conflicting effects therefore
becomes essential for effective system control. The proposed analytical framework provides a systematic
tool to support this decision-making process.
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Call centers face challenging capacity planning decisions due to the stochastic variability and time-dependency
of arrival times. Although various approaches rely on queueing theoretical formulas, the phenomenon of retrials
where some customers leave the queue and call back later, is often ignored. This project focuses on the impact of
retrial time distribution in call centers. Based on an empirical data analysis, we show that retrial times in call centers
are not exponentially distributed. We develop a novel approach to approximate various performance measures for
queueing systems with generally distributed retrial times: the stationary coupled flow (SCF) approximation. We
present the basic ideas of this approach, as well as analytical and numerical findings on how retrial time distribution
impacts performance measures and staffing decisions.
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Recent omnichannel developments are prompting many retailers to re-think their business and operational distribu-
tion strategies. Services such as buy-online-pick-up-in-store (BOPS) and buy-online-ship-from-store (BOSS) are
becoming increasingly important and prevalent, even for everyday products like groceries or drugstore items. As
these services intensify the focus on in-store logistics operations, optimizing fulfillment processes becomes critical.
However, since retail stores are not designed for order picking and fulfillment per definition, a fundamental redesign
of in-store operations is required. This includes potential process automation steps or store layouts adjustments. In
this regard, we analyze the economic impact of two specific operational levers: First, we assess the introduction of
a dedicated fast-forward area in a store backroom with respect to throughput capacity and total fulfillment costs.
Second, we evaluate the cost-effectiveness of deploying picking robots that operate alongside human workers in the
backroom or, potentially, in the shopping area. To this end, we develop an analytical semi-open queuing network
(SOQN) model to capture system performance and cost implications under different design configurations. Steady-
state probabilities are derived using the matrix-geometric method, and results are validated through an agent-based
discrete-event simulation. Furthermore, we present an empirical case study based on real operational data from an
example hypermarket store to quantify the economic effects of such design choices. Our results show that both,
robotic pickers and/or the introduction of a fast-forward area significantly reduce picking costs, bringing them
close to warehouse fulfillment levels. However, the cost-optimal fulfillment configuration varies by store, making
a store-specific evaluation necessary for real-world application.

Key words: In-store pickingStore designRobotics in RetailSemi-Open Queuing Networks

1. Introduction

The shift from traditional brick-and-mortar retail to omnichannel services such as buy-online-pick-
up-in-store (BOPIS) and ship-from-store (BOSS) places increasing pressure on in-store order ful-
fillment. Retail stores are not designed for logistics-intensive operations, yet must handle growing
online demand under tight margins and persistent labor shortages. While stores are well positioned
to meet short customer lead times, order fulfillment must be performed in complex environments
shared with in-store customers and competing staff responsibilities. Prior research shows that lay-
out adaptations, such as fast-forward picking areas in the backroom, and the deployment of picking
robots can improve efficiency. However, literature lacks a general, computationally efficient eval-
uation framework that allows retailers to systematically compare alternative in-store fulfillment
designs and operating modes. To address this gap, we propose an analytical Semi-Open Queue-
ing Network (SOQN) model to evaluate store-based order fulfillment systems. The model assesses
the impact of fast-forward areas and hybrid human—robot picking on throughput, operational costs,
and human workload. Using this framework, we analyze (i) cost-optimal fulfillment designs under
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varying online order volumes and (ii) the performance effects of hybrid human-robot operations
compared to fully manual systems. The applicability of the approach is demonstrated using real-
world data from a European drugstore chain and a a US grocery hypermarket.

2. Literature

While in-store fulfillment can be more economical than warehouse delivery for small, time-sensitive
orders (Calzavara et al. 2023, Pazour and Furmans 2023), the literature remains limited. Exist-
ing work addresses store-network-level order assignment (Vazquez-Noguerol et al. 2022, Dethlefs
et al. 2022), backroom space allocation (Pires et al. 2020), and fast-forward area design (Seghezzi
et al. 2022, Koehler and Theilacker 2025). Picker scheduling has been studied for homogeneous
(Difrancesco et al. 2021) and heterogeneous workforces (Mou 2022b,a, Dayarian and Pazour 2022),
including robotic resources (Bhowmick et al. 2025b,a). However, no analytical model jointly eval-
uates fast-forward areas and automation to identify cost-optimal fulfillment configurations. We
address this gap using Semi-Open Queueing Networks (SOQNSs).

3. Model Description

A retail store consists of a shopping area (SA) and a backroom, with an optional fast-forward
area (FFA), a warehouse-style picking zone within the backroom. When an online order arrives,
items are picked either from the SA or the FFA, batched, and placed in a pick-up wall for
BOPS or BOSS fulfillment. We analyze six fulfillment configurations (see Table 1), varying along
two design dimensions: (1) the presence and use of a fast-forward area, and (2) the resource
mix. Manual configurations (M1-M3) rely solely on human pickers operating consecutively or
in dedicated zones; hybrid configurations (H1-H3) additionally deploy robotic pickers. Zoning-
based configurations split orders into suborders per area, which must be consolidated afterwards.
Depending on the fulfillment configuration, the set of available resource types ¢ € I may include
consecutive human workers (weopn), consecutive robots (rcq,), backroom workers (wy,), shop-
ping area workers (ws,), backroom robots (ry,;), and shopping area robots (rs,). Each config-
uration is characterized by a binary availability vector o = (., , Qro,, s Qs O, s Oy s Oy )
where «; = 1 indicates that resource type ¢ is active and «; = 0 otherwise. The vector n. =
(Mw,con > r,cons T, brs M sas T br, Torsa) defines the number of resources per type in configuration

ceC.

Design Dimension Fulfillment Configuration ¢
Manual Hybrid human-robot
M1 M2 M3 H1 H2 H3
Without BR With BR With BR Without BR With BR With BR
(consecutive) (zoning) (consecutive) (zoning)
Fast-forward area no yes yes no yes yes
Consecutive picking no yes no no yes no
Dedicated picking zones (BR / SA) no no yes no no yes
Humans operating in fast-forward area - yes yes no yes no
Robots operating in fast-forward area - - - no yes yes
Availability vector o (0,0,0,1,0,0) (1,0,0,0,0,0) (0,0,1,1,0,0) (0,0,0,1,0,1) (1,1,0,0,0,0) (0,0,0,1,1,0)

Table 1. Manual and hybrid human-robot in-store order fulfillment configurations
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4. The Semi-Open Queuing Network

To evaluate throughput capacity and resource utilization, we model each fulfillment configuration
as a Semi-Open Queuing Network (SOQN). Depending on the configuration, (sub-)orders arrive at
rate )\fﬁ, are batched, and processed by n; resources of type 7. Picking times follow a two-phase
Coxian distribution (capturing SCV > 0.5), while consolidation and drop-off times are exponen-
tially distributed. The resulting SOQN is depicted in Figure 1.

ng

Wait resource Picking tour Consolidation/
drop-off
E lugon
Finished
o (sub-)order
)\ff f—t
Wait batch

Figure 1. SOQN model of resource type %

The system state is described by the tuple (5o, Sres,is Spi,1,i» Spi,2,i> Scon,i)» Tepresenting orders
at the synchronization point, idle resources, and resources in each processing phase. The SOQN
is solved as a quasi-birth—death (QBD) process using the Matrix Geometric Method (Neuts 1994),
yielding steady-state probabilities from which key performance indicators, including resource uti-
lization p;, sojourn times tst’, ¢s¢°", and total throughput T'H;, are derived via Little’s Law.
The analytical SOQN results are used to identify the cost-optimal fulfillment configuration ¢ €
{M1,M2,M3,H1,H2, H3} and the minimum number of resources n; per type that meets the
required throughput. Human workers incur an hourly cost of ¢,, = 25 € (approx. €44,000 annu-

ally), while robots incur a fixed annual cost of ¢, = 25,000 €. The optimization problem is:

r71111(§1 C(n,a)= Z a;n; h;c; + Z a;n;cj (1
ie{wcmnwbnwsa} jE{rcolurbrar:;a}
Human cost Rob?)trcost
pi < pi oy, Viel ()
TH; >\ q;, Viel 3)
n; € Ny, aiE{O,l}, Viel 4)

Utilization is capped at 50% for human workers (who perform tasks beyond picking) and 80%
for robots (Eq. 2). Throughput constraints (Eq. 3) ensure the system meets effective order arrival
rates.
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S. Conclusion

Key findings show that fast-forward areas reduce unit fulfillment costs by up to 13% (drugstore)
and 24% (hypermarket), but only beyond a store-specific backroom utilization threshold. Robotic
pickers become economically viable above approximately \° > 15 orders per hour, with the cost-
optimal deployment zone depending on store format. Under optimal configurations, in-store fulfill-
ment costs approach warehouse-level benchmarks, with reductions of up to 25% (drugstore) and
47% (hypermarket) relative to the manual baseline. Critically, no single configuration dominates
across all settings, underscoring the need for store-specific evaluation.

Future work should extend the framework to broader store formats and integrate backroom
assignment optimization (Koehler and Theilacker 2025) with fulfillment configuration decisions.
Network-level demand balancing across stores (Vazquez-Noguerol et al. 2022) and the analysis of
varying robotic capability levels represent further promising directions.
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Given the fast growth of e-commerce, fulfilling online orders faster and cheaper becomes more
relevant than ever. Offering quick and convenient shipment options is a powerful marketing tool to
differentiate from competitors and attract and retain customers. Empirical studies indicate that faster
shipment boosts sales and profitability. For example, when promising one day faster shipment, sales
for apparel products increase by 1.5% (Fisher et al. 2019). Furthermore, the growing willingness of
customers to pay for fast shipment, which has seen a notable rise from 41% in 2023 to 70% in 2024
(Buvat et al. 2024), underscores the customers’ impatience and their clear preference for quicker
shipment options. In response, e-commerce companies increasingly promise same-day shipment,
meaning orders placed until a certain cutoff point in the late afternoon or evening are promised
to be shipped the same day to ensure next-day arrival. From an operational perspective, however,
fulfilling same-day shipment promises is challenging, especially as the end of the day approaches.
Same-day shipment therefore requires a careful coordination between marketing and operations to
ensure a smooth and efficient order fulfillment process.

Online retailers typically fulfill orders from so-called fulfillment centers. In these centers, orders
are picked from shelves and then prepared and consolidated into batches for shipment. While orders
are collected and consolidated continuously throughout the day, the batches are dispatched for
shipment only at predefined deadlines — typically at the end of the day — to meet agreed fixed
handover times with external parcel delivery companies (e.g., FedEx or UPS) that handle the actual
delivery of the orders. Meeting these strict deadlines is crucial for the service quality perceived by
customers as missing a deadline by only a few minutes may result in a delay for the customer of at
least one day (Ceven and Gue 2017). As e-commerce companies offer increasingly faster service,
they risk overpromising their shipment options: fulfillment centers may be unable to process the
inflow of orders that require same-day shipment and need to be ready before the next deadline. This
risk is particularly high when different shipment options are priced using flat fees, giving customers
no incentive to choose next-day over same-day shipment, even when fulfillment center operations
would benefit from it.

30



Mohring et al.: Transparent time-dependent shipment pricing for e-fulfillment
SMMSO 2026

To mitigate this risk and manage limited capacity effectively, companies need to steer demand so
that same-day shipment is selected primarily by customers who value it most and are willing to pay
for it. A natural approach is to introduce time- and fulfillment center load-based shipment options
and shipment fees, which may provide operational advantages by helping to balance order inflow
with available capacity and remaining time until handover. While from an operational perspective
appealing, such dynamic shipment policies are difficult to communicate and market effectively
in e-commerce (Agatz et al. 2013). Frequent and unexpected price changes are unappealing and
appear unfair to customers as they see different prices for the same service at different times without
comprehensible reasons for these price differences (Xia et al. 2004). Hence, from the customer’s
point of view, shipment policies that depend on the load of the fulfillment center are often perceived
as opaque and unintuitive.

To address these concerns, we focus on a more practical and customer-focused alternative that has
already seen some adoption: transparent time-dependent shipment options and corresponding fees
that depend only on the remaining time until the next shipment deadline. These shipment options
and fees are consistent each day and can be easily communicated on the ordering platform. Hence,
any change in shipment options or fees is immediately visible and predictable to customers. Such
a transparent time-dependent shipment policy is operationally relevant, simple to communicate,
and perceived as predictable and fair. It thus provides a transparent alternative to opaque dynamic
pricing, while still offering a lever to align customer demand with operational capacity.

In this paper, we study this transparent time-dependent shipment policy for online retailers. We
do so in the context of products for which the shipment options and shipment fees mostly affect the
customer’s decision to choose same-day or next-day shipment, and not so much the actual decision
to buy the specific product. This makes sense when companies expect little competition or when
customers are loyal to the specific products and/or companies. For these settings, we explore how
a transparent time-dependent shipment policy can effectively distribute customer demand between
same-day and next-day shipment. Our study focuses on cutoff-based shipment options, where all
orders placed before a specific cutoff point are eligible for same-day shipment, while orders placed
after this point are only eligible for next-day shipment (Mohring et al. 2024). Given the cutoff point
decision, fees for same-day and next-day shipment need to be set for each moment in time. Conse-
quently, a transparent time-dependent shipment policy raises the following interrelated questions:

(1) Cutoff point: Until what moment in time should same-day shipment be offered to customers?

(2) Shipment fees: How much should the shipment fees be?

(3) Differentiated fees: When and how should the shipment fees be adapted over time?

We build a parsimonious model that provides answers to the questions posed above. We consider
multiple operating cycles, where each cycle consists of a fixed number of time periods and ends
with a deadline upon which orders that are due for shipment by this deadline need to be handed over
to the parcel delivery company. Throughout each operating cycle, online customers arrive accord-
ing to a Poisson process. Customers that complete their online transaction before the cutoff point
are offered the choice between same-day or next-day shipment together with their corresponding
fees (or, equivalently, express shipment or regular shipment). We assume that customers make this
choice by trading off the utility that they derive from both shipment options. Customers that arrive
after the cutoff point cannot choose same-day shipment, and hence their products are handed over
to the parcel company upon the deadline at the end of the following operating cycle. The processing
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capacity of the fulfillment center in each time period is randomly distributed. If the available capac-
ity is insufficient to process all orders due for shipment in a given operating cycle, then these orders
are said to be late and carried over for shipment in the subsequent operating cycle. We are interested
in characterizing transparent time-dependent shipment policies that maximize the long-run average
profit, i.e., revenue minus cost for late orders. By developing a discrete-time periodic Markov chain
model for the steady-state analysis of fulfillment centers described above, we are able to provide
closed-form expressions for the relevant performance measures as well as structural properties of
the transparent time-dependent shipment policy.

The long-run average profit in our model depends on the entire temporal distribution of same-
day orders, as each time-dependent shipment fee influences not only the total demand for same-day
shipment but also its timing throughout the day. These interdependencies make the problem ana-
Iytically challenging and render direct analysis of transparent time-dependent shipment policies in
the price domain intractable. Our analysis therefore hinges on a novel problem-domain transfor-
mation that represents each policy through the cumulative demand profile it induces for same-day
shipment. This transformation forms the basis for our main results: it (i) yields a supermodular
reformulation that allows the optimal transparent shipment policy to be computed in polynomial
time, and (ii) enables structural characterization of optimal transparent shipment policies. In par-
ticular, we find that introducing a cutoff point for same-day shipment and replacing a constant fee
with a time-dependent fee improve profit. The optimal same-day fees increase monotonically as the
deadline approaches.

Beyond these analytical contributions, we compare specific classes of transparent shipment poli-
cies to derive simple, implementable guidelines for e-commerce companies. Our numerical anal-
ysis demonstrates that a policy with a two-level fee structure achieves near-optimal performance
while remaining fully transparent and easy to communicate to customers. These results show that e-
commerce companies can derive substantial benefits from introducing transparent time-dependent
shipment options and fees, balancing operational efficiency with customer trust.

The full working paper is available on arXiv: https://arxiv.org/abs/2307.10119.
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Manufacturing systems can improve energy efficiency by dynamically adjusting production and energy modes
based on demand and system conditions. A key challenge is determining optimal machine mode transitions (e.g.,
producing, idling, or shutting down) to maintain production and minimize energy consumption, particularly under
uncertainty in demand and processing times. This study explores a make-to-stock production/inventory system
where a machine operates in multiple modes, each with different costs and transition delays, where threshold-
type policies have been shown to perform well. Although these policies offer structured decision rules, they
struggle with adapting to complex and dynamic environments due to processing time and stochastic modelling
challenges. To overcome these challenges, we propose a reinforcement learning-based approach using Deep Q-
Networks (DQN) to automate machine operation management adaptively. To benchmark the performance of the
system, we model the system as a network of two time-dependent queues connected to each other and analyze
them using pre-trained machine learning models. Our method discovers policies that maximize revenue while
maintaining energy efficiency by learning from interactions within a developed simulation environment.
Evaluation results demonstrate that our approach adjusts flexibly to changing conditions, offering a more adaptive
and automated solution than static decision rules.

Keywords: Energy control; Deep Q-Networks; Production Control

1 Introduction

Energy efficiency has become a major priority in manufacturing due to increasing pressure to reduce
both environmental impact and energy-related operating costs. This is particularly important because the
industrial sector accounts for approximately 50% of global primary energy consumption and 38% of total
greenhouse gas emissions (Tan et. al, 2023). Within this broader context, manufacturing processes are often
highly energy intensive. For example, steel manufacturing alone represents about 6% of global industrial
energy consumption, with nearly 30% of that energy used for heating processes (Tan et. al, 2024). Similar
energy-intensive patterns are observed across industries, including automotive, chemical, textile, and
metalworking, in operations such as refining, casting, and dyeing. These figures highlight the substantial
potential for improving both economic and environmental performance through more effective production
and energy control policies. Reinforcement learning has been investigated as a method for energy control in
production systems e.g. to control the energy consumption for a cell of homogeneous parallel machines
(Loffredo et. al, 2023). In this work, we aim to use Deep Q-Networks to control a production/inventory system
with stochastic demand and production processes.

2  Problem definition

In this context, this study considers the joint production and energy mode control problem in a make-to-
stock manufacturing system subject to stochastic demand. The system consists of a single machine that

Please leave the footer empty for the organization board.
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produces inventory items and can operate in multiple energy modes. Customer demand arrives randomly
over time and is satisfied immediately when inventory is available; otherwise, it is lost, and a penalty is
incurred. The machine can operate in four distinct modes: on, idle, off, and warm-up. In the on mode, the
machine is actively producing and consuming energy. In the idle mode, it is not producing but remains ready
to resume production while still consuming some energy. In the off mode, the machine is shut down and
consumes no energy. The warm-up mode captures this transition from off to an operational state, during
which both time and energy are expended. Each mode is associated with a different operating cost, and
switching between modes incurs an additional cost reflecting the energy and time required for the transition.

The objective is to determine, at each decision epoch, whether the machine should continue producing,
remain idle, or be turned off, while balancing production benefits against energy and switching costs under
demand uncertainty. These decisions must be made dynamically, since system performance depends
critically on the interaction between the current inventory level, the machine’s operating mode, and future
demand. Poorly timed transitions may result in either excessive energy consumption or insufficient inventory,
leading to lost sales. The goal is therefore to develop a control policy that adapts to the evolving state of the
system and improves long-run operational performance.

3 Mathematical Model

If the complete stochastic model of the system were fully available, the problem could, in principle, be
formulated as a Markov decision process and solved using the classical dynamic programming approach. In
that case, methods such as value iteration or policy iteration could be employed to derive an optimal control
policy through the Bellman equations. In the present setting, however, as in many practical applications, this
requirement may be restrictive, because the system dynamics are driven by stochastic demand and production
processes and may involve continuous-time features that are difficult to represent explicitly. These challenges
make exact dynamic programming difficult to implement in practice and therefore motivate the use of
reinforcement learning, which can learn control policies directly from interaction with the environment
without requiring explicit transition probabilities, that is, in a model-free setting (Watkins and Dayan, 1992).

Among reinforcement learning methods, temporal-difference learning, which was originally introduced
by Sutton (1988), provides a particularly suitable foundation for this problem. Rather than relying on a fully
specified model, temporal-difference methods update value estimates directly from observed transitions. In
particular, QO-learning estimates the action-value function through the temporal-difference error:

=r+ VQ(SI,a') - Q(sl a),

where r denotes the observed reward, y is the discount factor, and Q(s, a) is the estimated value of taking
action of a in state s. The corresponding update rule is given by

Q(s,a) « Q(s,a) + a(r +yQ(s',a) —Q(s,a)),
where « is the learning rate. While standard Q-learning is effective when the state-action space is discrete
and moderate in size, it relies on a tabular representation and therefore becomes impractical in settings with
large or continuous state spaces.

This limitation is central in the present problem. An effective control policy must account not only for
the machine’s current operating mode and the current inventory level, but also for time-related information
describing the evolution of the system. Such variables may include, for example, the timing of recent or
upcoming demand arrivals and the progress of production-related events. Representing this richer state space
through a finite O-table is generally not feasible due to the curse of dimensionality. For this reason, we adopt
the Deep O-Network (DQN) approach for the production and energy mode control problem. DQN replaces
the tabular action-value function with a neural-network approximation, thereby allowing the method to
accommodate high-dimensional or continuous state representations and making it particularly suitable for
the problem considered here, especially when the state space must incorporate the timing of recent demand
arrivals and the progress of production-related events. At the same time, the action space remains discrete,
since the controller selects among a finite set of operational decisions such as producing, idling, or shutting
the machine down. This combination makes DQN a natural methodological choice for the problem under
consideration.

The design of the observation space is therefore critical. The state representation provided to the neural
network must contain the information necessary for effective decision making while remaining sufficiently
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structured for stable learning. In our formulation, the observation vector includes the current machine mode,
the current inventory level, and relevant temporal variables characterizing the system state. The machine
mode is encoded categorically, for example through one-hot encoding, while the inventory level is
represented numerically. The time-related variables are normalized to improve generalizability and to ensure
that the resulting representation remains comparable across different operating conditions. This observation
structure allows the learning algorithm to capture both the operational status of the machine and the temporal
features required to anticipate future demand and production opportunities.

The neural network takes this observation vector as input and outputs an estimated Q-value for each
action. However, in this problem, rewards are not determined solely by the immediate action; rather, they
often reflect the accumulated consequences of earlier decisions. For example, the current cost or benefit may
depend on a machine mode selected in the recent past or on an earlier decision that affected the current
inventory position. As a result, directly associating the observed reward with the current action alone may
lead to unstable learning and inaccurate value estimation. To address this issue, we employ a Dueling DQN
architecture, which decomposes the action-value function into a state-value component and an advantage
component:

Q(s,a) = V(s) + A(s,a).

This allows for the contribution of the current state being separated from the incremental effect of a specific
action. In other words, the state-value function captures the value inherent in the system’s current condition,
including the delayed effects of past decisions, while the advantage function measures the relative benefit of
each available action in that state. By structuring the value approximation this way, the model can better
distinguish state-dependent rewards from action-dependent improvements, thereby improving learning
stability and Q-value estimation accuracy.

1
0(s,a) = V(s) + A(s,a) —WZA(S, @)

To assess the performance of the system considered here with general inter-event times, we consider using
pre-trained machine learning models to predict the behavior of the system modeled as a time-dependent
network of queues. In particular, the finished goods buffer and the lost sales buffer form two queues, and
although we consider the system in steady state, the control policy changes the machine's status, so the
incoming stream to the inventory is time dependent. Here, the performance of each node in each mode is
modeled using a pre-trained machine learning model, and these models are then connected to analyze the
system as a whole.

4 Conclusion

Overall, the proposed reinforcement learning framework provides a practical approach for deriving
production and energy mode control policies in stochastic manufacturing systems when explicit model-based
optimization is difficult to implement. Moreover, the learned policy exhibits a threshold-type structure that
closely aligns with the policy pattern reported in Tan et al. (2024), suggesting that the proposed method is
able to recover the essential decision logic of the underlying control problem while remaining applicable in
more complex settings.
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Global warming makes energy-efficient industrial production essential. In serial production lines,
controlling when machines are switched on or off can reduce energy use while maintaining throughput, but
this is challenging due to uncertainties like variable processing times and failures.

This problem, known as Machine State Control, is modeled as a sequential decision-making problem. A
model-free Reinforcement Learning approach is proposed to learn effective control policies through
interaction with a simulation model. The goal is to determine whether reinforcement learning agents can
significantly reduce energy consumption while maintaining production production throughput in automated
serial production lines.

Keywords: Energy Saving, Machine State Control, Reinforcement Learning.

Global warming is driving countries to adopt ambitious climate targets aimed at reducing greenhouse gas
emissions. As industry is responsible for a significant share of global CO2 emissions, improving energy
efficiency in energy-intensive industries has become a key priority. Consequently, reducing energy
consumption while maintaining production throughput has emerged as a key factor for sustainable
production.

One approach to address this challenge in serial production lines is to dynamically and continuously
control machines’ state, and to make the right decision between “switching on” and “switching oft”
machines. This decision is subject to various uncertainties, including stochastic processing times, random
time between failures, and dynamically changing buffer levels. The main challenge is to achieve energy
savings while preserving production throughput.

Modeling these stochastic and dynamic behaviors using classical optimization methods is difficult due
to the inherent uncertainty and variability within production lines. Additional phenomena such as blocking,
starvation, and shifting bottlenecks further increase system complexity. Developing accurate analytical
models that capture these dynamics typically requires deep domain knowledge, extensive data extraction,
and continuous model updates, which can be difficult to maintain in real production environments.

In this paper, this problem, known in the literature as Machine State Control problem, is formulated as a
sequential decision-making problem that aims to balance energy savings and production throughput. To
address this challenge, a model-free Reinforcement Learning (RL) approach is proposed to learn effective
control policies through interaction with a simulated production line. The proposed method is evaluated using
a discrete-event simulation of a serial production line that captures key dynamics of real manufacturing
systems and is benchmarked against an Always-On policy. The objective is to investigate whether RL agents
can achieve significant reductions in energy consumption while maintaining production throughput in
automated serial production lines.
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Robotic Compact Storage and Retrieval Systems (RCS/RS) are gaining popularity for their exceptional space effi-
ciency, which is achieved by stacking bins and utilizing autonomous robots. A significant operational drawback,
however, is the need for time-consuming 'reshuffling’ operations when a target bin is not accessible at the top of
a stack. This characteristic complicates the development of accurate analytical throughput models, forcing system
planners to choose between time- and cost intensive simulations and oversimplified analytical models that lack
accuracy. To resolve this dilemma, we propose a hybrid throughput model that synergistically combines a closed
queueing network for the deterministic elements of robot cycle times with a machine-learning surrogate model for
the complex, state-dependent reshuffling components. This machine-learning element was trained on a compre-
hensive dataset of 2,000 simulated warehouse configurations. Validation against detailed simulations demonstrates
that our hybrid model achieves high accuracy while enabling the planning and analysis of large, complex RCS/RS
in a matter of seconds, providing a powerful tool for rapid system design and optimization.

Key words: RCSRS; Throughput capacity; travel time model; performance estimation; machine learning;
surrogate model

1. Introduction

Robotic compact storage and retrieval (RCS/R) systems are an important warehousing technology
due to their high storage density and scalable throughput. Since bins are stacked vertically and
retrieval bins are often blocked by other bins, reshuffling is required, which makes throughput diffi-
cult to predict. For storage planners, throughput is the key design measure, yet estimation still relies
mainly on simulation because analytical models are scarce. This creates a need for fast and reliable
planning methods, especially under uncertain demand and product access patterns. To address this
gap, we propose a hybrid analytic and machine-learning approach for throughput estimation. The
system is modeled as a closed queueing network, while state-dependent cycle-time components are
learned from simulation data. This combines the speed of analytical models with the realism of
simulation and enables accurate, fast throughput estimation.

2. Literature

Research on throughput estimation for robotic compact storage and retrieval (RCS/R) systems is
still limited. Existing work can be grouped into simulation-based, analytical, and machine-learning
(ML) -based approaches. Simulation studies such as Trost et al. (2023), Chen et al. (2022), Galka
and Scherbarth (2021), and Yue and Smith (2023) capture system behavior in detail, but are compu-
tationally expensive. Analytical models are less common and often rely on simplifying assumptions
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that limit their representation of real system operations, as shown by Lehmann and De Koster
(2026), Tutam et al. (2024), Trost and Eder (2024), and Zou et al. (2018). Machine learning
approaches remain scarce; Wang et al. (2024), for example, use reinforcement learning for reshuf-
fling decisions in overhead RCS/R systems. Overall, the literature reveals a gap between detailed
but slow simulation models and fast but simplified analytical approaches.

3. Model Description
Following Lehmann and De Koster (2026), the throughput capacity is calculated as

3600- PS-K
TP= ; (1
tcycle + tpick + twait

with PS the number of pick stations, K the number of robots per pick station, t,;., the average
processing time at the pick station, Z.y.e the robot cycle time in the storage system, and ¢, the
expected waiting time in front of the pick station. To determine ¢4+, the system is modeled as
a closed queueing network (CQN) with two nodes: an infinite-server node representing the robot
cycle in the rack and a single pick-station server with queue. Once £,y is known, mean value
analysis can be applied to the closed queueing network to obtain ¢,,q;¢.

The robot cycle time £,y is composed of a sequence of independent movements and handling
operations. In a standard dual-command cycle, a robot (i) travels from the pick station to a storage
location carrying a bin, (ii) stores the bin, (iii) travels to the next retrieval location, (iv) retrieves the
requested bin, and (v) returns it to the pick station. If the target (retrieval) bin is blocked, additional
reshuffle operations are required: the robot repeatedly retrieves blocking bins, relocates them to
alternative storage locations, and returns to the retrieval stack; after the target bin is retrieved, the
relocated bins are moved back to their original stack. Several components of ... can be computed
analytically with high precision, e.g., the handling time for pick/drop operations and travel times
between stations and storage/retrieval locations (see Lehmann and De Koster (2026)). In contrast,
other components are strongly state-dependent and therefore difficult to model in closed form. In
this work, such terms, in particular the number of reshuffles and stack access times (lift down/up
times), are approximated using machine-learning models trained on simulation data.

For the smoother and more deterministic state-dependent components, we use standard feed-
forward multilayer perceptrons (MLPs) to predict the lift travel time during a storage operation, the
horizontal travel time from a storage channel to a retrieval channel, and the lift travel time during a
retrieval operation. For components with higher variability and more complex conditional behavior,
we employ mixture density networks (MDNs) Bishop (1994) with a transformer backbone Vaswani
et al. (2017). Specifically, Gaussian transformer-MDNs are used to model the lift travel time during
a reshuffle retrieval and the number of reshuffles per retrieval, while a Laplace transformer-MDN
is used to model the travel time between a retrieval channel and a reshuffle destination. Unlike
deterministic regressors, the MDN outputs a conditional mixture distribution rather than a single
point estimate, which better captures noisy or potentially multi-modal outcomes and yields more
robust cycle-time estimates. Overall, the learned predictors replace the computationally expensive
state-dependent elements of the robot cycle time, while the queueing model maps the resulting
cycle-time estimate to throughput.
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4. Evaluation

For model evaluation, the dataset comprises 4,539 instances, of which 2,000 were used for training.
The training set was generated by Latin Hypercube Sampling (LHS), ensuring a well-distributed
coverage of the input space and thus supporting model generalizability. As a benchmark, we addi-
tionally trained a Gaussian Mixture Density Network (MDN) to directly predict the full cycle
time. The hybrid approach consistently outperforms this direct prediction benchmark across all five
validation rounds. It achieves lower throughput deviations (0.89%-0.97% vs. 1.44%-1.66%) and
tighter upper bounds of the 95% confidence intervals (5.12%-5.50% vs. 6.57%-7.70%). These
results show that combining analytical structure with data-driven approximation improves both
accuracy and robustness. The results indicate that decomposing the cycle time into analytically
tractable and separately learned state-dependent components is more accurate and robust than pre-
dicting the complete cycle time with a single neural model.

S.  Conclusion
Overall, the proposed hybrid CQN-ML model closes the gap between slow high-fidelity simulation
and fast but simplified analytics, delivering accurate and robust throughput estimates.
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Semiconductor manufacturing systems pose a challenging control problem due to their scale, stochasticity, delayed
feedback, and tightly coupled long-horizon dynamics. We discuss a deep reinforcement learning framework for
multi-objective operational optimization in such environments, with emphasis on its practical implications for fab
control. The framework formulates decision-making as a centralized single-agent problem and models system evo-
lution as an event-driven temporal process, allowing control to remain aligned with the structure of semiconductor
operations. A key insight is that effective learning depends not only on reward design, but also on the temporal
abstraction used to propagate feedback across dense sequences of interdependent actions. Within this formulation,
agents can be trained using different model-free algorithms both in offline and online settings. Evaluations on a
high-fidelity simulator with industry-realistic data show consistent gains over conventional dispatching heuristics
in throughput and utilization. Overall, the discussion highlights scalability, data efficiency, and the importance of
problem formulation as the main enablers of reinforcement learning for realistic semiconductor production control.

Key words: Reinforcement Learning; Decision-Making; Optimization; Semiconductor Manufacturing

This extended abstract discusses the main lessons emerging from the reinforcement learning
framework proposed in Yeganeh et al. (2026). While the journal paper develops the complete frame-
work, algorithms, and evaluation protocol, the present version focuses on interpretation: what the
numerical evidence suggests about scalable fab control. Since this extended abstract refers to the
original study, Table 1 serves as the main quantitative reference for the discussion by summarizing
the most relevant results across training regimes and algorithms.

Case study and performance. The industrial case concerns a front-end wafer fab based on
STMicroelectronics Catania within the HHCONNECTS project. The fab is organized into multiple
interconnected buildings, areas, and bays, with tools distributed across process families and non-
negligible transport times for inter-building moves. Production is lot-based: wafers are grouped into
carriers and processed through long, re-entrant routes with hundreds of operations, shared qual-
ified equipment, batching requirements, and different constraints. The product mix is high, with
many technologies and products sharing partially overlapping resources, so real-time dispatch-
ing decisions must account for WIP distribution, tool status, qualification, setup, processing time,
batchability, sequence position, and process-sensitive constraints such as corrosion. The proposed
framework achieves consistent improvements in throughput, saturation, and load across both offline
and online learning. In the offline regime (Kostrikov et al. 2021), agents trained solely from pre-
viously collected data already learn effective control policies, with DQL and CQL (Kumar et al.
2020) providing the strongest results. In the online regime, performance improves further, with
SAC achieving the best overall gains over FIFO as a deterministic baseline. These results indicate
that the framework is effective and data-efficient, enabling useful policies to be learned from oper-
ationally realistic experience. Figure 1 compares the best offline and online agents, DQL and SAC
(Christodoulou 2019), respectively. The results show that the learned policies perform well across
the three KPIs.

Scalability and practical feasibility. These results are important because they are obtained in a
large-scale semiconductor setting with long re-entrant flows, heterogeneous products, and tightly
coupled system dynamics. The main contribution is therefore not only higher KPI values, but the
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Regime Agent Throughput Saturation Load
IQL 14.74+44 13.0+3.1 10.6+2.6

Offline CQL 17.5+5.1 15.74+4.0 12.3+3.3
DQL 18.0+4.4 16.0+3.5 12.84+2.9
PPO 16.3+5.3 15.3+3.9 12.14+3.2

Online DQL 19.74+3.9 16.6+3.2 13.24+2.8
SAC 20.7+4.2 175+3.5 13.8%+29

Table 1. KPI gains over the FIFO baseline (%) for offline and online agents.

fact that these gains are achieved with a modular and computationally feasible RL design. By com-
bining centralized learning, modular state—action handling, and event-driven temporal abstraction,
the framework improves all three KPIs jointly. This is notable because throughput, saturation, and
load are strongly coupled in practice. The results therefore support the claim that RL can be scaled
beyond localized dispatching rules toward system-level control in realistic fab environments.

Importance of temporal formulation. A central lesson is that success depends strongly on how
the learning problem is formulated. Semiconductor manufacturing is characterized by delayed
feedback, long horizons, and dense decision sequences, which make standard temporal-difference
learning difficult. This is clearly reflected in the temporal-difference comparison. For DQL, the
truncated discounted-sequence formulation performs poorly, with only —3.4% throughput gain,
whereas the event-aggregated formulation reaches 18.0%. A similar pattern appears for IQL, where
truncated discounting yields —5.1% throughput gain, while event aggregation reaches 14.7%. Even
the stacked event-wise and event-averaged formulations perform substantially better than the trun-
cated alternative. This shows that reward shaping alone is not enough; the way rewards are grouped
and propagated across events is equally important for solving long-horizon credit assignment.

Role of event aggregation. Among the tested formulations, event aggregation is the most impor-
tant because it aligns the learning signal with the delayed and coupled nature of fab dynamics while
retaining event-level structure. Rather than treating each decision independently or collapsing an
entire segment too early into a single scalar, it provides an intermediate abstraction between local
event feedback and global system response. This matters even more online, where the agent no
longer uses event-level shaped rewards and instead learns from segment-level rewards over 360-
minute windows containing thousands of actions. The online results suggest that this abstraction is
what makes the reward learnable in practice. In this sense, the main challenge is not simply specify-
ing the objective, but constructing a temporal representation that enables objective to be optimized.

Algorithmic insights. The algorithmic comparison in Table 1 suggests several consistent trends.
In offline learning, some degree of conservatism is beneficial. CQL and IQL remain competi-
tive with DQL while offering additional protection against value overestimation under fixed data.
At the same time, DQL remains attractive because of its simplicity and strong performance. For
online, off-policy methods are especially effective: DQL & SAC are more sample-efficient than
PPO (Schulman et al. 2017), which is desirable when simulator interaction is limited. SAC achieves
the best result, suggesting that entropy-based exploration is particularly suitable in the investigated
manufacturing setting. PPO shows promise, but its performance depends strongly on the architec-
ture and advantage formulation. Overall, the results do not point to a universally dominant algo-
rithm; instead, they show different algorithmic families become effective when combined with the
tailored event-driven formulation.

Evaluation and model selection. Another important lesson is that offline model selection is non-
trivial. Lower temporal-difference loss does not necessarily imply better downstream control per-
formance. The checkpoint analysis supports this directly: for DQL, intermediate checkpoints with
lower TD loss do not always outperform later ones in all three KPIs, and performance evolves non-
monotonically during training. This makes robust evaluation essential. Aggregating results across
10 industrially realistic instances and 3 seeds reduces the risk of overinterpreting a favorable tra-
jectory from a single scenario and instead evaluates whether the learned policies generalize across
temporally separated and operationally diverse conditions.
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Figure 1. KPI gains (%): Black: FIFO zero-gain baseline. Burgundy: SAC. Blue: DQL. Green: Random (left) and SPT
(right).

Importance of encoding In general, state and action representations for fab control can be built
using different representation-learning approaches, such as transformers, graph neural networks,
generative models, LLM-based encoders, or engineered features. In this study, we used engi-
neered features to keep the framework interpretable, computationally feasible, and focused on the
reinforcement-learning formulation. However, this choice may introduce limitations: the accuracy
of the learned policy depends on how well the manually designed features preserve the relevant rout-
ing, equipment, WIP, setup, constraint, and temporal dependencies of the fab. If important depen-
dencies are omitted or compressed too strongly, the agent may not learn a policy that is effective or
is less generalizable under different product mixes, WIP distributions, or operating conditions.

Limitations and conclusion. The study emphasizes a general and modular RL framework rather
than exhaustive hyperparameter tuning, and the experiments cover approximately one month of
production data. Longer horizons, richer representations, and broader objectives such as due-date
compliance remain important directions for future work. Still, Table 1 makes the main conclusion
clear: RL can be practically deployed for semiconductor production control when the formula-
tion respects the event-driven, delayed, and tightly coupled structure of fab operations. From this
perspective, scalable RL is less about choosing a single best algorithm and more about combin-
ing suitable temporal formulations with conservative offline learning and carefully designed online
adaptation.
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Simulation is widely used for evaluating stochastic manufacturing systems, due to its adaptable modeling capabil-
ities and the absence of exact or even approximate analytical solutions. However, solving optimization problems
with performance evaluation via simulation can be time-consuming, due to the need for many replications and the
combinatorial complexity of the problems. To increase the speed of performance evaluation, the existing literature
suggests replacing simulation with Artificial Neural Networks pretrained with simulation results. We train a Con-
volutional Neural Network (CNN) with flow line feature data to predict flowline throughputs for different system
configurations. The proposed CNN architecture enforces domain specific structural properties of the underlying
system. We then solve the Buffer Allocation Problem (BAP) by linearizing the trained CNN, thereby transforming
the non-linear problem into a mixed-integer linear problem (MILP), which is tractable by standard solvers. We
introduce a structured sampling strategy for training data generation and investigate the effects of regularization
methods on the MILP. Furthermore, we demonstrate the flexibility of our approach by applying it to different pro-
duction networks and optimization problems.

Key words: Optimization, Manufacturing, Machine Learning

1. Introduction

We propose an integrated approach for solving optimization problems in stochastic manufactur-
ing systems by combining the predictive power of artificial neural networks with the optimization
power of mixed integer programming. Machine learning (ML) models excel at approximating com-
plex, functional relationships from data. If these functional relationships are driven by stochastic
influences they are typically non-linear. Linearized versions of the ML model can replace these
non-linear components in optimization problems. Thereby transforming the non-linear optimization
problem into a Mixed-Integer Linear Program (MILP), tractable by standard solvers. This approach
was recently introduced by Anderson et al. (2020) and Maragno et al. (2025). However, applications
within the manufacturing domain remain scarce (Tremblet et al. 2024, Grimstad and Andersson
2019, Camponogara et al. 2024) and the optimization of stochastic manufacturing systems remains
unexplored. Our contribution is threefold: (i) We propose an architecture-aware sampling approach
for generating training data, that outperforms generic sampling techniques. (ii) We develop a CNN
that is able to make predictions for large production lines while being trained only on short lines.
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Moreover, the network architecture guarantees known structural properties of stochastic flow lines.
(iii)) We demonstrate that a MILP which integrates a linearized version of the CNN solved with
standard solvers outperforms the other tested approaches.

2. Illustrative Optimization Problem: Buffer Allocation Problem

We illustrate our approach using the well-studied Buffer Allocation Problem (BAP) for stochastic
flow lines (Weiss et al. 2019). The flow line consists of J stations, with processing rates pu =
(1, .-pj,...pr.7) and exponentially distributed processing times. Each station j has an upstream
buffer of capacity C' = (Cy = 00, (s, ...,Cj,...,C). Buffers mitigate the effects of blocking after
service and starving caused by the stochastic processing times within the flow line. We assume
the first station is never starved and the last station never blocked. The primary BAP (1) aims to
minimize the total buffer capacity (1a) while ensuring that the expected throughput of the flow
line E[T H (., C)] reaches a certain target throughput th* (Constraint (1b)) and respects individual
limits C'j ;4. for the buffer capacities (Constraints (1c))

J
Minimize: Ciy; = Z C; (1a)
=2
TH(u,C)] >th* (1b)
OSC]' SCj,maac~ (Ic)

3. Solution approach
We describe the data generation process, the development of the neural network and its integration
into a MILP in the Subsections 3.1, 3.2, and 3.3, respectively.

3.1. Date generation

For dataset generation (training, validation and testing), we propose a space-filling sampling
approach across the critical parameters that primarily govern flow line behavior. As an critical
parameter we identify C},;, which drives the overall mitigation of blocking and starving within the
flow line. We further introduce two balance criteria for buffer and processing rate allocations

max(C) —min(C)

Coal = (2)
bal Ctot .
maz(p) —min(p) .
Hbal = , With pigor = § Hi (3)
Mot =

that are also used as critical parameters in the sampling process. The expected steady-state through-
put of the sampled flow line configurations is obtained via discrete-event simulation. We compare
our proposed sampling approach against standard Sobol Sampling and Latin Hypercube Sam-
pling (LHS) by evaluating the predictive performance of hyperparameter-tuned CNNs trained on
each respective dataset.

3.2. Network architecture

Our approach employs a CNN trained on the generated simulation data to estimate the expected
throughput of a given buffer allocation. The obtained filters allow the extrapolation to predict long
flow lines with CNNs trained on short flow lines. We utilize a Siamese CNN architecture (Brom-
ley et al. 1993) to enforce the structural property of reversibility, obtained by Muth (1979). This
guarantees identical throughput predictions for a flow line and its reversed counterpart.
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3.3. Mixed-Integer Linear Program

The trained CNN is linearized via binary variables and big-M constraints to replace Constraint (1b).
The result is a MILP formulation of the BAP (1) that is implemented with GAMSPy and solved
with CPLEX 22.1.2.

4. Numerical Results

4.1. Performance evaluation quality

Figure 1a depicts boxplots of the relative error for throughput predictions across the three CNNs
and the analytical approximation approach by Buzacott and Shanthikumar (1993). The CNNs,
trained on flow lines with four to ten stations, demonstrate good extrapolation to shorter lines,
though evaluating longer lines (J > 10) proves to be more challenging. The CNN trained on our
proposed sampling approach achieves the lowest mean absolute percentage error and variance for
longer flow lines. Intentionally, the CNNs systematically underestimate the expected throughput.
This loss-induced bias is advantageous as it reduces the likelihood of infeasible solutions due to
approximation errors when solving the BAP (1).
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Figure 1. Performance Evaluation of Prediction Quality and Solution Speed

4.2. Solution Speed and Quality

The optimization performance is assessed by comparing our MILP approach against the analytical
approximation paired with complete enumeration. Re-evaluating the obtained solutions via our sim-
ulation model confirms comparable solution quality between the two methods. However, the MILP
formulation provides significantly faster computation times and greater flexibility. Compared to a
Complete Enumeration (CE) combined with the analytical approach or combined with a forward
pass using the trained CNN, the MILP solver achieves significantly faster solution times (Figure
1b). Information about lower or upper bounds such as proposed by Weiss and Stolletz (2015) can
be integrated easily into the MILP by introducing new constraints. They lead to even faster solution
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times. To illustrate the flexibility of the approach we also apply it to a cost-weighted BAP and a
joint optimization of processing rate and buffer allocation. In both cases our approach ranges from
0.63% to 0% optimality gaps for 4- and 5-station flow lines.

S. Conclusions

Our research demonstrates that CNNs trained on systematically choosen training data are a com-
petitive alternative to traditional performance evaluation methods for stochastic flow lines such as
simulation or analytical approximations. Furthermore, linearizing CNNs allows their integration
within a MILP framework. The proposed approach combines the predictive power of neural net-
works with the optimization power and flexibility of mixed integer programming.
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This study develops a two-stage stochastic optimization framework for supply chain network design under simultaneous
supply disruption and demand uncertainty. Strategic decisions determine the location of manufacturing facilities, while
second-stage decisions optimize procurement, production, inventory, and logistics. A distinguishing feature of the
proposed framework is the explicit modelling of unreliable suppliers using continuous-time Markov chains. Suppliers
transition between operational and failed states over time, where lifetime and repair durations follow exponential
distributions. Demand uncertainty is incorporated through normally distributed market demand and chance-constrained
programming to satisfy service-level requirements. The framework is further extended to incorporate multiple supplier
operational states and limited repair resources. Numerical examples demonstrate the applicability of the proposed model
and highlight the trade-offs between cost efficiency, resilience, and service reliability under uncertainty.

Keywords: Supply chain network design; stochastic programming; supply disruption; continuous-time Markov chains

1 Introduction

Modern supply chains are increasingly exposed to disruptions caused by natural disasters, geopolitical
conflicts, transportation interruptions, and operational failures. Recent global events such as the COVID-19
pandemic have demonstrated the vulnerability of supply chain networks and emphasized the importance of
resilient supply chain design.

This study develops a two-stage stochastic optimization model for supply chain design under supply and
demand uncertainty. A key contribution of the proposed framework is the explicit modelling of unreliable
suppliers through continuous-time Markov chains. Suppliers alternate between operational and failed states
over time, allowing the model to capture realistic disruption and recovery dynamics.

At the first stage, strategic decisions determine the locations of manufacturing facilities. At the second stage,
scenario-dependent operational decisions determine procurement quantities, production levels, inventory
holdings, and transportation flows.

Multi-period supply chain network design problem under demand uncertainty was investigated by numerous
researchers including Guillen et al. (2005), Correia et al. (2013), Badri et al. (2013), Melo et al. (2012),
Wilhelm et al. (2013), and Azaron et al. (2021) without addressing supply uncertainty. The interactions
between unreliable suppliers and manufacturing facilities in supply chains were studied by Ahiska et al.
(2013), Benyoucef et al. (2013), Ebrahim Nejad et al. (2014), Xanthopoulos et al. (2012), Qi and Lee (2015),
Saghafian and Van Oyen (2016), and Wu et al. (2012). However, none of those research works addressed
the supply chain design problem. Azaron and Furmans (2025) addressed supply uncertainty with time-
dependent lifetime distributions in designing efficient supply chain networks.

The proposed framework in Azaron and Furmans (2025) is further extended in two directions. First, suppliers
may operate under multiple operational states such as full capacity, reduced capacity, or complete failure.
Second, limited repair resources are incorporated to model realistic supplier recovery processes.

2  Mathematical Model

Consider a supply chain network consisting of suppliers, manufacturing facilities, and markets over a finite
planning horizon. Strategic decisions determine whether candidate manufacturing facilities should be
established, while operational decisions optimize raw material procurement, production, inventory
management, and logistics. The objective is to minimize the expected total cost of the supply chain:
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Min z = fixed facility costs + expected procurement costs + production costs + inventory holding costs +
transportation costs.

The major decision variables are:

. yl-' binary variable indicating whether manufacturing site i is established,

o X Jt : quantity of raw material k to be purchased from supplier i and shipped to manufacturing site
j during time interval t under scenario s

. -ls' quantity of product / to be produced at manufacturing site j at time t under scenario s,

LI "5 : inventory level of raw material k at manufacturing site j at time ¢ under scenario s,

o ! 7 quantity of finished product [ shipped from manufacturing site i to market ;j at time ¢ under
scenario s.

A subset of suppliers is assumed to be unreliable. Each unreliable supplier alternates between operational
state (state 0) and failed state (state 1). The time to failure and repair time follow exponential distributions
with different parameters. Supplier dynamics are therefore represented using a continuous-time Markov
chain.

The transition probabilities between supplier states are obtained from the Chapman-Kolmogorov equations
and are used to generate disruption scenarios over the planning horizon. Let P;;(t) denote the probability

that a supplier is at state j = 0 or 1 at time ¢ given that it was at state i = 0 or 1 at time 0. The transition
probabilities is obtained by solving the following system of linear differential equations derived from the
Chapman—Kolmogorov forward equations:

Pgo (1) P(;1(t)]:[P00(t) P01(t)]x[—l /1]
Pio(t) Pi1 ()] [Pio(t) Pia(t) -

YicoPij®) =1 Vi=01 Py(0) =P;;(0) =1 Py1(0) =P;s(0) =0 @)
The proposed model includes the following major constraints:
Inventory balance constraints ensure material flow conservation at manufacturing facilities.

Supplier capacity constraints restrict raw material shipments according to supplier operational states under
each scenario.

Production capacity constraints limit production quantities according to available manufacturing resources.
Chance constraints guarantee that customer demand is satisfied with a specified probability level.
Facility location constraints ensure that production can occur only at established manufacturing facilities.

The proposed two-stage stochastic model is formulated as follows:

Min Z= ZLEB CiYi + Zses Ds [Zt =2 ZkeK ZLEA Z]eB al]txljt Z =2 ZleL Z]EB b t
Z?=2 ZkeK ZjeB hﬁ]]lgs + Z =2 ZleL ZLEB Z}EC qUtyL]t]
S.t.

=0, + ZleAxut Yier c¥xff VjeB keK seS2 Kt KT
2163 xl’jst & sk VieA keK seS 2 << tLT

i =Yjec Vi VieBleLseS2 Kt KT
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Z{:z Vel Zsesxlgts < By; VieB

Y tyxfi <Y VjeBseSf=12,. ,F2 <t KT
l 1 1 .

Yien Yije > Wje + Zg1t, Ojt VjeC leL seS2 Kt K T

y; = {1 if manufacturing site is built in location i
;=

0 otherwise
x[% > 0 VieA jeB keK seS2 Kt KT

Xf; » 0 VjeBleLseS2 <t KT
I 0 VjeBkeK seS2 <t KT
Y5 » 0 VieB jeC leL seS2 K t K T )

3  Extensions and Numerical Insights

The proposed framework is extended by allowing suppliers to operate under multiple operational states such
as full capacity, reduced capacity, and complete failure. Under this extension, supplier transitions are
represented through higher-dimensional continuous-time Markov chains.

The model is also extended by incorporating limited repair resources, where only a finite number of repair
facilities are available. These extensions substantially increase the number of disruption scenarios and the
computational complexity of the deterministic equivalent optimization model.

Several numerical examples were solved to demonstrate the applicability of the proposed framework. Results
show that low-cost unreliable suppliers should be fully utilized whenever operational, while reliable suppliers
act as backup sources during disruption periods. Inventory accumulation during low-cost periods was also
shown to improve supply chain resilience.

The computational experiments further demonstrate that facilities with lower operational costs may be
preferred despite higher construction costs.

4 Conclusions

This study presented a two-stage stochastic optimization framework for supply chain network design under
supply disruption and demand uncertainty. A major contribution of the research lies in the explicit modelling
of supplier reliability through continuous-time Markov chains.

The framework was further extended to incorporate multiple supplier operational states and limited repair
facilities. Numerical examples demonstrated that the proposed approach can generate resilient and cost-
efficient supply chain configurations while maintaining required service levels under uncertainty.

Future research may investigate multi-stage stochastic models, Al-assisted optimization approaches, and
multi-objective formulations incorporating responsiveness and sustainability.
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Traditional Multi-Agent Path Finding (MAPF) algorithms model robots as dimensionless points in perfect synchro-
nization, ignoring the physical reality of industrial environments. This causes theoretically optimal paths to result
in collisions or deadlocks when deployed on Autonomous Mobile Robots (AMRs) with kinematic constraints and
execution delays. This paper proposes the Executable MAPF (E-MAPF) framework, which accounts for the robot’s
physical swept volume in planning and introduces the Temporal Action Plan Graph (TAPG) for event-driven exe-
cution robust to hardware timing uncertainty.

Key words: Multi-Agent Path Finding; Autonomous Mobile Robots; Swept Volume; Conflict-Based Search;
Temporal Action Plan Graph

1. Introduction
Industrial Autonomous Mobile Robots (AMRs) operate along predefined trajectories in high-

density manufacturing environments ( ). Classical MAPF abstracts agents as
dimensionless points on discrete graphs, failing to capture swept-volume conflicts during rotation
that commonly arise in real deployments ( , ). Furthermore, conven-

tional MAPF assumes perfect time synchronization, which breaks down under finite acceleration,
communication latency, and other hardware-level disturbances ( ,

). As shown in Figure 1, paths deemed collision-free by classical MAPF can cause actual
collisions depending on robot orientation.

This paper presents E-MAPF, integrating a kinematically accurate collision model into the plan-
ning phase via E-CCBS, and introducing TAPG for robust event-driven execution. Validation via
AutoMod simulation confirms collision-free navigation under stochastic conditions where tradi-
tional methods fail.

2. Problem Formulation
We model the environment as a directed Driving State Graph G pgs = (V, E), where nodes encode
the full kinematic configuration of the agent. Two node types are defined: a Stop State (S) represent-
ing a static pose (z,y,0), and a Move State (M) representing the continuous transition trajectory
between stops ( ). This enables explicit modeling of the swept volume—the robot’s
polygonal footprint during motion—as the key primitive for collision detection.

The E-MAPF problem minimizes total flowtime over collision-free trajectories, where a collision
is any intersection of swept volumes in the continuous space-time domain. This captures physical
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rl‘ Collision

Figure 1. Classical MAPF (left) neglects orientation, causing collisions (middle) or safe passes (right) depending on the
robot’s swept volume.

conflicts that point-based models miss, such as overlapping footprints during wide turns even when
agents occupy different logical nodes.

3. Proposed Methodology
3.1. Phase 1: Planning with E-CCBS
We extend the two-level Conflict-Based Search (CBS) ( ) into Executable Con-
tinuous CBS (E-CCBS). When a swept-volume conflict is detected, E-CCBS imposes an Unsafe
Interval—a continuous time range during which an agent is prohibited from entering a contested
region ( ). This conservative constraint accounts for positional uncertainty
during movement, guaranteeing plan safety by design. Safe Interval Path Planning (SIPP) (

) serves as the low-level solver.

3.2. Phase 2: Execution via TAPG

Time-stamped plans are fragile under real-world disturbances: a single delayed robot can cause
system-wide deadlocks. The Temporal Action Plan Graph (TAPG) ( ) replaces
absolute clock times with precedence constraints: Sequence Constraints ensure each action com-
pletes before the next begins, and Resource Constraints ensure agents enter shared swept-volume
regions only after the preceding agent has physically cleared them. This event-driven policy absorbs
stochastic delays without global re-planning.

4. Numerical Experiments

We validated E-MAPF in an AutoMod simulation of a semiconductor fab logistics system with
finite acceleration and control latency ( ). In grid environments from 7x7 to
15x15, classical MAPF frequently produced invalid paths due to orientation-dependent collisions,
whereas E-CCBS achieved near-100% feasibility. Under varying acceleration profiles, the time-
synchronized baseline suffered frequent phantom deadlocks, while TAPG eliminated them entirely
by triggering on state-completion events and maintained near-optimal throughput, confirming prac-
tical viability for real AMHS deployment.

5. Conclusion
E-MAPF closes the reality gap in industrial multi-robot coordination through kinematically aware
planning (E-CCBS) and event-driven execution (TAPG), demonstrating collision-free, deadlock-
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free operation under stochastic conditions where traditional methods fail. Future work will extend
the framework to heterogeneous fleets.
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Hospitals face increasing pressure to manage limited bed capacity under growing demand. Assigning patients to
rooms is a complex decision problem, driven by stochastic emergency arrivals and lengths of stay (LOS), as well
as operational constraints such as room capacity and gender-specific requirements. At the same time, hospitals aim
to avoid undesirable actions for patients, including transfers between regular rooms, assignments to the overflow
area providing temporary capacity outside regular rooms, and rejections. The literature largely focuses on deter-
ministic models, either assuming full prior knowledge or using rolling-horizon methods that re-optimize whenever
a stochastic event occurs. In contrast, we propose a discrete-time Markov Decision Process (MDP) framework that
explicitly represents uncertainty over a finite planning horizon. The model supports key operational decisions such
as regular room and overflow area allocations, rejections, and transfers to regular rooms. We solve the MDP using
backward induction and present first results from a simulation study, comparing its performance with benchmark
policies based on the literature and simple heuristic decision rules.

Key words: Patient-to-Room Assignment; Health Care; Markov Decision Process

1. Introduction

This paper studies the operational planning problem of assigning patients to rooms within a hospital
ward, commonly referred to as the patient-to-room assignment (PRA) problem. Hospital wards are
designated areas within a hospital for patient care based on medical needs. They consist of rooms
with varying bed capacities, ranging from single-bed rooms to larger shared rooms, to accommo-
date admitted patients. Hallways or other areas may be used as overflow areas to manage high
patient volumes when demand exceeds regular capacity. Patient to room assignments in hospital
wards is a challenging task due to stochastic influences such as emergency patient arrivals and
uncertain lengths of stay (LOS). While elective patient admissions are planned in advance, emer-
gency patients arrive randomly but still need bed capacity after their admission. The LOS can also
change unexpectedly, for instance, if patients are diagnosed with an infection during their stay,
requiring extended treatment. Key decisions include allocating an arrived patient to a regular room,
the overflow area, or rejecting them, while ensuring that constraints such as gender separation and
limited bed capacity in rooms are respected. Additionally, patients already allocated to the ward
may be transferred to a different regular room. The goal is to ensure optimal patient care by mini-
mizing undesired actions, such as transfers between regular rooms, allocations to the overflow area,
or rejections.
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Most existing approaches to the PRA problem rely on deterministic formulations, many of which
can be traced back to the static model introduced by Demeester et al. (2010). While several exten-
sions have been proposed, uncertainty is typically handled implicitly or through rolling-horizon
approaches. Stochastic formulations that explicitly capture uncertainty remain scarce, with only
few exceptions in the literature (Jiang et al. 2023). Moreover, a systematic comparison of stochastic
and deterministic approaches in the context of patient-to-room assignment is missing.

The contribution of this work is twofold:

* New stochastic model formulation: We formulate a stochastic model as an Markov Deci-
sion Process (MDP), leveraging a carefully designed state space that avoids symmetries inherent
in patient-to-room and patient-to-bed allocations. In contrast, most existing approaches relying on
deterministic formulations that do not explicitly account for stochastic events. While this assump-
tion simplifies the optimization, it fails to reflect the uncertainty inherent in real hospital operations.
A second stream of research considers dynamic approaches, first introduced by Ceschia and Schaerf
(2012), where a deterministic model is solved repeatedly in a rolling horizon fashion whenever new
information becomes available or a stochastic event occurs (e.g., Ceschia and Schaerf 2016, Lusby
et al. 2016, Vancroonenburg et al. 2016, Schifer et al. 2019). Although this dynamic setting enables
some reactivity, decisions rely solely on the current state without accounting for future uncertainty.
Stochastic modeling for PRA remains largely unexplored. One exception is the study by Jiang et al.
(2023), which formulates the problem as a MDP, albeit under specific assumptions, such as a mem-
oryless LOS distribution, considering only double rooms, excluding elective patients, and without
explicit knowledge of which patient is allocated to which room. However, no existing approach
offers a stochastic model that jointly accounts for both stochastic influences while maintaining
comparability with established formulations in the literature.

* Performance comparison with existing optimization approaches: We compare the perfor-
mance of the proposed stochastic optimization approach with existing dynamic but deterministic
models and a simplified stochastic model from the literature. The added value of explicit stochastic
modeling in the patient-to-room assignment context is analyzed.

Section 2 provides details regarding the modeling and solution of the proposed MDP and Sec-
tion 3 describes numerical results and Section 4 provides concluding remarks.

2. Modeling and Solution Approach

The PRA problem is modeled as a discrete-time MDP, capturing the dynamics of a hospital ward
over a finite planning horizon. The finite time horizon is divided into macro periods (days) and
micro periods (within-day), allowing the model to account for decisions and stochastic events such
as patient arrivals and discharges (modeled via stochastic LOS) that may occur. The course of a day
and its micro periods are illustrated in Figure 1. The planning horizon is finite, as at any decision
point only information on currently scheduled elective patients is available. It is implemented in a
rolling manner, such that after each day the entire planning horizon is shifted forward by one day
and the optimization problem is re-solved.

For initial results on small instances, backward induction is used to compute optimal decisions.
The planning horizon is set to 14 days, for which elective patient arrivals are known. To obtain
realistic terminal state values, the optimization is extended to 28 days. For days 14 to 28, the prob-
ability distributions of emergency arrivals are augmented by the distributions of elective patients,
reflecting the lack of deterministic information beyond the initial horizon.
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3. Numerical Results

The numerical study evaluates the decisions derived from the Markov Decision Process (MDP) with
a discrete-event simulation over a planning horizon of multiple months. The decisions are bench-
marked against decisions obtained from a deterministic MIP that is resolved whenever a stochastic
event occurs, as well as from a simplified MDP based on Jiang et al. (2023), for the same real-
izations. In addition, two heuristic baseline policies are considered: a no-transfer policy, where
patients remain in their initially assigned rooms throughout their stay, and an always-transfer-to-
allocate policy, where transfers are executed whenever feasible to enable the allocation of additional
patients. The study further investigates the sensitivity of results with respect to key parameters, such
as the penalty associated with patient transfers. The results indicate that the MDP-based approach
outperforms both the literature-based benchmark policies and the heuristic policies.

4. Conclusions

This work introduces a novel stochastic formulation of the patient-to-room assignment problem as
a Markov Decision Process, explicitly capturing uncertainty in hospital operations. By designing
a state space that avoids allocation symmetries, the model enables computationally efficient repre-
sentation as well as a more realistic approach compared to existing deterministic approaches. The
results demonstrate that explicitly incorporating stochastic elements can improve decision qual-
ity over dynamic but deterministic rolling-horizon methods and a simplified stochastic approach.
Future work is needed to solve larger instances that remain numerically intractable with the pro-
posed approach.

References
Ceschia, Sara, Andrea Schaerf. 2012. Modeling and solving the dynamic patient admission scheduling prob-
lem under uncertainty. Artificial Intelligence in Medicine 56(3) 199-205.

Ceschia, Sara, Andrea Schaerf. 2016. Dynamic patient admission scheduling with operating room constraints,
flexible horizons, and patient delays. Journal of Scheduling 19(4) 377-389.

o6



Justus Arne Schwarz, Philipp Pelz: Stochastic Optimization of Patient-to-Room Assignments in Hospital Wards
SMMSO 2026

Demeester, Peter, Wouter Souffriau, Patrick De Causmaecker, Greet Vanden Berghe. 2010. A hybrid tabu

search algorithm for automatically assigning patients to beds. Artificial Intelligence in Medicine 48(1)
61-70.

Jiang, Yanping, Feifei Yang, Zhenpeng Tang, Quan-Lin Li. 2023. Admission control of hospitalization with
patient gender by using markov decision process. International Transactions in Operational Research
30(1) 70-98.

Lusby, Richard Martin, Martin Schwierz, Troels Martin Range, Jesper Larsen. 2016. An adaptive large

neighborhood search procedure applied to the dynamic patient admission scheduling problem. Artificial
Intelligence in Medicine 74 21-31.

Schifer, Fabian, Manuel Walther, Alexander Hiibner, Heinrich Kuhn. 2019. Operational patient-bed assign-
ment problem in large hospital settings including overflow and uncertainty management. Flexible
Services and Manufacturing Journal 31(4) 1012-1041.

Vancroonenburg, Wim, Patrick De Causmaecker, Greet Vanden Berghe. 2016. A study of decision support
models for online patient-to-room assignment planning. Annals of Operations Research 239(1) 253—
271.

o7



15" Conference on Stochastic Models of Manufacturing and Service Operations (SMMSO 2026)

Elements of a branch-price-and-cut algorithm to
solve a task scheduling and assignment problem
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In this presentation, we consider the healthcare-inspired problem to assign a set of tasks for multiple periods to
multiple persons with different and overlapping skill sets under deterministic conditions. For each task, there is a
certain degree of temporal flexibility modeled by a time window of the start times. In addition, we assume that
there is some degree of flexibility with respect to the working hours, overtime etc. The problem contains elements
of a vehicle routing problem and turns out be hard to solve using standard MIP solvers. We present elements of a
branch-price-and-cut algorithm implemented within the SCIP framework to solve that problem. In particular, we
comment on the solution of the pricing problem as resource-constrained shortest path problem and the usage of the
SCIP framework to implement the branch-and-price approach as well as the C++ Boost library to solve the pricing
problem via a labeling algorithm.

Key words: Task assignment and scheduling, Branch-and-price, SCIP

1. Integrated multi-period task assignment and scheduling

We consider a problem setting that can be found in healthcare service systems, as well as in other
service systems. The problem is to find schedules in which heterogeneous tasks requiring a specific
qualification have to be assigned to heterogeneously qualified persons. Qualification patterns for
the personnel are assumed to be overlapping, as shown in Figure 1. Consequently, the assignment
problem cannot be cleanly separated by personnel groups and must be solved as an integrated
whole.

Beginner

Intermediate 1 Intermediate 2

‘." Master

Figure 1. Personnel categories with overlapping qualifications.
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Every task has a specific duration and a defined task time window specifying the earliest and
latest possible start times. A core requirement is that each task is scheduled exactly once, meaning
it is assigned to exactly one qualified person within a single work time window.

To manage the temporal flexibility of employee shifts, the model introduces work time windows.
These represent periods during which a person can actively work, and they are assigned to the week
in which they begin. This allows for shifts that cross calendar days, such as night shifts.

Week 1 Week 2

WTW 1

WTW 2

WTW 3

WTW 4

WTW 5

WTW 6
—— WTW7
— WTW38

Figure 2. Work time windows and their assignment to weeks.

Within each work time window, time is modeled using discrete moments (e.g., full hours or half
hours). An employee’s work phase is defined by selecting exactly one begin moment and one end
moment. The actual assignment of tasks to an employee can be viewed as finding a feasible route or
path through a graph of tasks. The employee moves forward in time, completing tasks in sequence
without any temporal overlap, as shown in Figure 3.

Work time window 5

Begin moment Begin moment End moment End moment
Susi Sabine Sabine Susi
8:00 9:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00

m8 m9 m10 mll m12

. . Time
ml6 ml7

Figure 3. Finding a feasible schedule as a path through assignable tasks over discrete moments.
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The goal is to determine which person performs which tasks and at what time, while minimizing
the overall personnel costs. These costs consist of the baseline costs for activating a person during
a work time window, as well as penalties for both daily and weekly overtime.

2. Dantzig-Wolfe decomposition

While solving the integrated problem directly can be computationally prohibitive, the mathematical
formulation is tailored for a Dantzig-Wolfe decomposition. The problem’s structure allows it to be
broken down into a master problem and multiple smaller subproblems, e.g., one for each combina-
tion of person and planning time window. The master problem is an LP generating dual values for
the constraints, while the subproblems are IPs generating new schedules for each combination of
person and time window. The latter problem can be solved as a resource-constrained shortest-path
problem, see Figure 4. Its solutions, if they have negative reduced costs, become new variables
of the master problem in a column-generation approach serving to determine a lower bound on
objective function values in the nodes of a branch-and-bound search tree.

m8
ml15

m8
m8
m17

m9
ml16

m9
ml7

m9
ml8

Figure 4. Modeling the subproblem as a resource-constrained shortest path problem.

3. Implementation aspects

We use the SCIP framework to implement the Branch-price-and-cut algorithm and the C++ Boost
Library framework to model resource-constrained shortest path problems. We report some first
numerical results related to the performance of the method by comparing it to results obtained by
using the Gurobi MIP solver for the monolithic model.
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