This article was downloaded by: [216.73.216.163] On: 28 August 2026, At: 21:06
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

7 N2 Transportation Science
mmmm  TRANSPORTATION
IMEN SCIENCE Publication details, including instructions for authors and subscription information:

@ E http://pubsonline.informs.org
i
Dynamic Demand Management for Parcel Lockers

Daniela Sailer, Robert Klein, Claudius Steinhardt

To cite this article:
Daniela Sailer, Robert Klein, Claudius Steinhardt (2026) Dynamic Demand Management for Parcel Lockers.
Transportation Science

Published online in Articles in Advance 28 Aug 2026
. https://doi.org/10.1287 /trsc.2024.0871

This work is licensed under a Creative Commons Attribution 4.0 International License. You are free to copy,
distribute, transmit and adapt this work, but you must attribute this work as “Transportation Science. Copyright ©
2026 The Author(s). https://doi.org/10.1287/trsc.2024.0871, used under a Creative Commons Attribution License:
https://creativecommons.org/licenses/by/4.0/.”

Copyright © 2026 The Author(s)

Please scroll down for article—it is on subsequent pages

informs.

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations
research (O.R.) and analytics professionals and students. INFORMS provides unique networking and learning
opportunities for individual professionals, and organizations of all types and sizes, to better understand and use
O.R. and analytics tools and methods to transform strategic visions and achieve better outcomes.

For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org



http://pubsonline.informs.org
https://doi.org/10.1287/trsc.2024.0871
https://doi.org/10.1287/trsc.2024.0871
https://creativecommons.org/licenses/by/4.0/
http://www.informs.org

Downloaded from informs.org by [216.73.216.163] on 28 August 2026, at 21:06 . For personal use only, all rights reserved.

informs.

https://pubsonline.informs.org/journal/trsc

TRANSPORTATION SCIENCE

Articles in Advance, pp. 1-25
ISSN 0041-1655 (print), ISSN 1526-5447 (online)

Dynamic Demand Management for Parcel Lockers

Daniela Sailer,>* " Robert Klein,?

Claudius Steinhardt®

2 Analytics & Optimization, University of Augsburg, 86159 Augsburg, Germany; ® Business Analytics & Management Science, University of
the Bundeswehr Munich, 85577 Neubiberg, Germany

*Corresponding author

daniela.sailer@wiwi.uni-augsburg.de (D. Sailer), robert. klein@wiwi.uni-augsburg.de (R. Klein),
claudius.steinhardt@unibw.de (C. Steinhardt)

https: // orcid.org/0009-0005-2931-3435 (D. Sailer), https: // orcid.org/0000-0001-9843-2984 (R. Klein),
https://orcid.org/0000-0003-4263-6608 (C. Steinhardt)

Received: September 8, 2024

Revised: September 9, 2025; March 9, 2026;
May 26, 2026

Accepted: June 19, 2026

Published Online in Articles in Advance:
August 28, 2026

Area of Review: Logistics and Routing

https://doi.org/10.1287/trsc.2024.0871
Copyright: © 2026 The Author(s)

8 Open Access Statement: This work is
licensed under a Creative Commons Attribution
4.0 International License. You are free to
copy, distribute, transmit and adapt this work,
but you must attribute this work as

Abstract. In pursuit of a more environmentally sustainable and cost-efficient last mile,
parcel lockers have gained a firm foothold in the parcel delivery landscape. To fully exploit
their potential and ensure customer satisfaction, successful management of the locker’s
limited capacity is crucial. This is challenging as future delivery requests and pickup times
are stochastic from the provider’s perspective. In response, we propose to dynamically con-
trol whether the locker is presented as an available delivery option to each incoming cus-
tomer with the goal of maximizing the number of served requests. We take compartment
sizes into account, which entails a second type of decision as parcels scheduled for delivery
must be allocated. As an extension, we balance rejected requests and failed deliveries
through a careful use of overbooking. We formalize the problem as an infinite-horizon
sequential decision problem and find that exact methods are intractable for realistic
instances. In light of this, we develop a solution framework that orchestrates multiple algo-
rithmic techniques from sequential decision analytics and reinforcement learning in an
innovative way, namely cost function approximation and value function approximation
(VFA). As a general methodological contribution, we enhance the training of our VFA with
a modified version of experience replay. Our computational study shows that our method
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outperforms a myopic benchmark by 3.4% and an industry-inspired policy by 2.8%.
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1. Introduction

Parcel lockers have evolved into a viable alternative to
traditional home delivery and are gaining increasing
popularity worldwide. Recent surveys show, for exam-
ple, that 54% of online shoppers in Poland prefer to
receive their parcels via parcel lockers (DHL 2022), 57%
in China (Statista 2022), and in Estonia, 70% favor par-
cel lockers over other delivery options, such as home
delivery (Venipak 2023). Because these lockers offer a
huge potential to consolidate deliveries and decrease
failed delivery attempts (Savelsbergh and Van Woensel
2016), this is an encouraging development in the quest
for a green and cost-efficient last mile.

In this context, parcel recipients play a pivotal role in
two ways: On the one hand, their purchasing habits
and location preferences shape the number of incom-
ing delivery requests because recipients usually select
a specific locker as the desired delivery address in prac-
tice. Generally, recipients tend to prefer lockers that are
close to their home or that can be easily integrated into

regular trips, for example, the commute to work. On the
other hand, the speed at which recipients pick up their
parcel directly affects the available capacity over time. As
a result, recipients’ behavior creates two sources of uncer-
tainty from a locker operator’s perspective.

Because of these stochastic influences, parcel lockers
are susceptible to short-term mismatches between
capacity and demand. Typically, a locker consists of
individual compartments of different sizes. This intro-
duces compatibility constraints as the compartment
assigned to a parcel must be large enough. The total
number of compartments per size and thus the locker’s
capacity is fixed in the short term. By contrast, the avail-
ability of compartments over time is stochastic because
it depends on how fast recipients collect their parcels.

In reality, it may regularly occur that parcels cannot
be delivered to the locker chosen by the recipient
because all compatible compartments are already occu-
pied. As a widespread strategy, companies redirect
parcels to another locker in such cases. However, this
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may leave the recipient very dissatisfied, especially if
picking up their parcel from the alternative locker
requires a large detour. Furthermore, depending on the
business model, recipients can be grouped according to
their pickup behavior (Sethuraman et al. 2024). If the
parcels of fast-collecting customers tend to arrive on
short notice (e.g., because of express shipping), the
problem is exacerbated as they might get redirected
disproportionately often.

Consequently, we advocate for actively managing
scarce locker capacity instead of merely handling
capacity shortages in a reactive way. To accomplish
this, we propose to dynamically control the availability
of the parcel locker as a delivery option for each
incoming request. We call the resulting problem
the dynamic parcel locker demand management problem
(DPLDMP). For ease of exposition, we refer to the
decision maker as a general “provider” and use the
terms “customer” and “recipient” synonymously.

More specifically, the DPLDMP can be summarized
as follows: We focus on a single parcel locker and
assume that parcels are delivered to the locker once per
day. The locker consists of multiple compartments that
differ in their size. The availability of compartments
over time depends on the customers” pickup behavior
and is uncertain. Over the course of each day, requests
arrive stochastically. For each incoming request, the
provider determines whether a suitable compartment
will be available. Subsequently, the provider makes a
demand control decision, that is, decides whether to
accept or reject the request. In the case of acceptance,
the request turns into an order and the associated par-
cel has to be delivered to the locker on its given deliv-
ery date. If the provider rejects the request, the
customer gets informed that the parcel locker is cur-
rently not available as a delivery option. The cus-
tomer might then choose another option such as
home delivery or an alternative parcel locker, which
is outside of our paper’s scope. At the end of each
day, the provider assigns parcels scheduled for deliv-
ery on the following day to available compartments,
which we refer to as the allocation decision. The over-
all goal is to maximize the expected number of suc-
cessful deliveries.

Because of the stochastic influences and dynamic
decision making, the DPLDMP is an infinite-horizon
sequential decision problem. Finding a good policy for
it is difficult for two main reasons.

1. Two decision types. In our problem, the provider
has to make two types of nontrivial decisions at differ-
ent points in time. These decisions are heavily inter-
twined: Demand control determines which requests
turn into orders and must be allocated to compart-
ments later on. In the same vein, allocation decisions
affect which compartments are occupied, thereby shap-
ing the decision space for future demand control.

2. Displacement effects. Accepting a request yields an
immediate reward as the number of accepted requests
increases. At the same time, the available capacity
decreases. Similarly, an inefficient allocation of parcels
to compartments can impair demand control. Both
decision types thus entail displacement effects that one
has to anticipate and, in the case of demand control,
trade off with the immediate reward. These effects are
hard to estimate because future incoming requests and
capacity consumption are uncertain.

To address these challenges, we develop a solution
framework that combines and orchestrates multiple
techniques from sequential decision analytics (Powell
2022) and reinforcement learning (RL; Sutton and Barto
2018). At its core, we employ cost function approxima-
tion (CFA) for the allocation decision and an offline
trained parametric value function approximation (VFA)
for demand control. Applying these methods to the
DPLDMP is not straightforward. Notably, our approach
needs to cope with two types of strongly entangled
decisions at different points in time. To achieve this, we
design the CFA such that it prioritizes creating favor-
able conditions for demand control. For the VFA, we
incorporate uncertain pickups and anticipated alloca-
tion decisions in a tentative allocation plan, which forms
the basis for our features. As a result, we take into
account the impact of one decision type on the other
and vice versa. To enable overbooking, that is, the
acceptance of possibly infeasible requests, we extend
our framework by artificially inflating the locker capac-
ity when checking feasibility. We derive this virtual
capacity with Bayesian optimization (BO).

With our work, we contribute to the literature in the
following ways:

e To the best of our knowledge, we are the first
to consider demand management for parcel lockers
with multiple compartment sizes and formalize it as a
sequential decision problem.

e We propose an anticipatory solution framework
that handles two types of decisions at different points
in time in an infinite horizon. Importantly, we explicitly
address the strong interrelations between the decision
types by combining different algorithmic techniques
such as CFA and VFA in a novel way.

o As a general methodological contribution, we aug-
ment an existing temporal difference learning method
using the principle of experience replay to learn the
weights for the VFA and stabilize the learning process.

e We extend our model and solution approach with
a static virtual capacity to enable overbooking.

e In our computational study, we present key
insights into the DPLDMP gained from a structural
characterization of the optimal policy and managerial
analyses on customer heterogeneity and overbooking.

The remainder of this paper is structured as follows:
In Section 2, we review the literature related to the
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DPLDMP and highlight the resulting research gap. In
Section 3, we provide a detailed problem description
along with a discussion of key assumptions and model
the DPLDMP as a sequential decision problem. In Sec-
tion 4, we propose our solution framework. We present
the results of our computational study in Section 5 and
conclude the paper with future research directions in
Section 6.

2. Related Work

In this section, we give a concise review of the three
major literature streams related to the DPLDMP. Sec-
tion 2.1 focuses on demand management for out-of-
home delivery, thereby covering publications in a
similar application context. Taking on a more theoreti-
cal perspective, Section 2.2 is dedicated to demand
management with reusable resources, and Section 2.3
addresses upgrades. We summarize our findings with
a tabular overview and a delineation from the most
closely related work in Section 2.4.

2.1. Demand Management for Out-of-Home
Delivery

The last leg of the parcel delivery process, also known
as the last mile, is notoriously cost-intensive, incentiviz-
ing researchers and practitioners to innovate. This mani-
fests itself in two key trends. First, demand management
has been integrated into various existing logistics ser-
vices, such as attended home delivery or same-day deliv-
ery, in recent years (Fleckenstein, Klein, and Steinhardt
2023). By controlling the availability or prices of delivery
options, providers can actively steer demand (WafSmuth
et al. 2023). Second, various novel delivery concepts have
emerged (Boysen, Fedtke, and Schwerdfeger 2021). A
prominent example is out-of-home delivery (OOHD),
that is, the delivery to parcel lockers or parcel shops
instead of the recipient’s home address. The DPLDMP is
directly at the intersection of these two trends.

The review by Janinhoff et al. (2024) documents a
surge in publications on OOHD, especially for location
planning and routing problems. By contrast, research
on demand management for OOHD is still in its
nascent stage. Although there is work on the satisfac-
tion of customer preferences on an aggregate level
(Dumez, Lehuédé, and Péton 2021) and OOHD prod-
uct design (Janinhoff, Klein, and Scholz 2023), our anal-
ysis focuses on publications that explicitly take into
account operational demand management, thereby
also excluding work on dynamic OOHD problems
without any demand steering component (Ulmer and
Streng 2019). To the best of our knowledge, there exist
only three publications matching these criteria: At the
start of a retailer’s fulfillment planning phase, Galiul-
lina et al. (2024) offer selected recipients a monetary
incentive to switch to OOHD by solving a two-stage

stochastic program with an exact branch-and-bound
algorithm as well as heuristics. Intervening at an earlier
stage, Akkerman, Dieter, and Mes (2025) investigate
joint availability control and dynamic pricing of deliv-
ery options during the order arrival phase for a single
delivery day based on approximated delivery costs pre-
dicted by machine learning. In cooperation with retailer
Amazon, Sethuraman et al. (2024) study availability
control for a parcel locker with uniform compartments
and employ a linear program as a lookahead model
with predicted demand and pickups.

2.2. Reusable Resources

Structurally, the DPLDMP can be cast as a revenue
management problem with reusable resources. In a set-
ting with reusable resources, customers arrive dynami-
cally and, in case of a purchase, make use of a resource
for a certain (potentially stochastic) amount of time.
Afterward, the resource returns to the seller and can
thus be allocated several times during the planning
horizon. For parcel lockers, resources correspond to the
compartments, and the usage duration is stochastic
because it depends on the recipient’s pickup speed.
Moreover, there are different compartments sizes, that
is, multiple types of resources, and delivery requests
typically arrive before the actual delivery. We focus on
publications that match our problem setting closely,
that is, stochastic usage durations in combination with
(a) multiple resource types or (b) advance reservations.

Multiple resource types. Pischel et al. (2015) investi-
gate rule-based dynamic pricing and availability con-
trol for a cloud-computing provider. Jointly controlling
availability and prices, Owen and Simchi-Levi (2018)
construct policies from linear programs serving as loo-
kahead models. Rusmevichientong, Sumida, and Topa-
loglu (2020) combine a static policy with a rollout to
obtain a dynamic policy that takes the current resource
utilization into account. Gong et al. (2022) prove that
under certain assumptions, a simple myopic policy
earns at least half the expected revenue of a clairvoyant
benchmark. Baek and Ma (2022) generalize availability
control to a network setting and compute bid prices
with approximate dynamic programming.

Advance reservations. Papier and Thonemann (2010)
propose an anticipatory policy for availability control
that harnesses event probabilities computed under
simplified assumptions.

2.3. Upgrading

If alternatives can be ordered in a hierarchy, a seller
can make use of upgrading by satisfying the demand
for a specific product with another product higher
in the hierarchical order. This enables the seller to alle-
viate short-term mismatches between capacity and
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demand. In the context of parcel lockers, this mecha-
nism is relevant due to the compartment sizes, that is, a
parcel can be “upgraded” to a larger compartment
size.

Out of the corresponding literature stream, we focus
on publications with full cascading upgrades, that is,
upgrades to any product higher in the hierarchical
order. Given that the resulting papers exhibit largely
identical characteristics with regard to our classifica-
tion scheme in Section 2.4, we center the discussion
around three representative publications and refer the
interested reader to the review by Gonsch (2020). Gal-
lego and Stefanescu (2009) analytically investigate and
compare different upgrade mechanisms and incorpo-
rate fairness considerations. Gonsch and Steinhardt
(2015) apply availability control with upgrades to an
airline network using dynamic programming decom-
position and show certain monotonicity properties of
opportunity cost. In a recent publication, Zhu and
Topaloglu (2024) derive an approximation of the value
function to control the availability of flexible products,
which are a generalization of upgrades.

2.4. Summary and Research Gap

Table 1 summarizes the literature related to the
DPLDMP. We characterize the publications according to
the following dimensions: Column “Decision” indicates
the demand management lever (availability control (AV)
or pricing (P)). The next five columns track whether the
problem features multiple types of resources, upgrading,
advance reservations, stochastic usage durations, and an
infinite planning horizon. The last column classifies the
solution approach as myopic (M) or anticipatory (A). As
a special case of the latter, we highlight papers drawing
on the deterministic linear program (DLP) or its choice-
based variant (CDLP) because this is a fundamental

Table 1. Related Literature

revenue management concept (Gallego and Topaloglu
2019). The core idea is to construct a lookahead model
where demand is assumed to take on its expected value.
Heuristics then build on the primal (e.g., by comparing
objective values) or dual solution (e.g., to derive bid
prices).

In line with the reviews by Ma, Wong, and Teo (2022)
and Janinhoff et al. (2024), we find that demand manage-
ment in OOHD is an emerging topic addressed by only
a handful of recent publications. For all of them, a major
line of distinction to our work is how capacity is mod-
eled. Galiullina et al. (2024) assume uncapacitated facili-
ties, whereas Akkerman, Dieter, and Mes (2025) and
Sethuraman et al. (2024) consider capacitated lockers
with uniform compartments. In contrast, we take into
account multiple compartment sizes, thereby modeling
capacity on a more granular and realistic level.

Although problems similar to the DPLDMP have
been covered in the context of reusable resources or
upgrading, our analysis reveals a substantial research
gap. To the best of our knowledge, our work is the first
to jointly consider upgrading and stochastic usage
durations. Note that upgrading introduces an addi-
tional decision compared with papers that only include
stochastic usage durations as customers need to be allo-
cated to a specific resource type. Vice versa, papers that
do take upgrading into account lack the stochastic
usage duration that is central to OOHD due to the reci-
pients” pickup behavior. Our work fills this gap and
may also be relevant to other application domains, for
example, to manage the demand for parking lots con-
sisting of spaces with and without charging infrastruc-
ture or station-based car sharing with multiple vehicle
categories.

Concluding this section, we delineate our work from
the two most closely related publications. On the one

Multiple Advance Stochastic  Infinite  Solution
Publication Decision  resources Upgrades reservations  duration  horizon  concept
OOHD Akkerman, Dieter, and Mes (2025) AV, P v v A
Galiullina et al. (2024) P v A
Sethuraman et al. (2024) AV v v v DLP
Reusable Baek and Ma (2022) AV v v CDLP
Resources  Gong et al. (2022) AV v 4 M
Owen and Simchi-Levi (2018) AV, P v v v CDLP
Papier and Thonemann (2010) AV v v v A
Ptischel et al. (2015) AV, P v v A
Rusmevichientong, Sumida, AV, P v v A
and Topaloglu (2020)
Upgrading  Gallego and Stefanescu (2009) AV, P v v v DLP
Gonsch and Steinhardt (2015) AV v v v DLP
Zhu and Topaloglu (2024) AV v v v A
Our work AV v v v v v A

Note. A, anticipatory; AV, availability control; CDLP, choice-based deterministic linear program; DLP, deterministic linear program; M, myopic;

P, pricing.
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hand, the assumptions on usage durations prevent us
from applying the methodology by Papier and Thone-
mann (2010) to the DPLDMP. Specifically, the authors
do not allow for the distributions to depend on the cus-
tomer type, which contradicts empirical data related
to parcel lockers (Sethuraman et al. 2024). On the other
hand, the DPLDMP shares strong similarities with
Sethuraman et al. (2024), who use a DLP-based
approach. Table 1 shows that this concept is widely
used. Because we consider a novel problem at the
intersection of uncertain usage durations and upgrad-
ing, we cannot directly apply any of its existing ver-
sions, but we adapt the DLP proposed by Sethuraman
et al. (2024) to our problem by incorporating multiple
compartment sizes and use it as a benchmark in our
computational study (Section 5.1.3).

3. Problem Statement

In this section, we give a detailed description of the
DPLDMP and formalize it as a sequential decision
problem. Online Appendix A provides a tabular over-
view of the notation.

3.1. Problem Definition
In the following, we introduce the main problem com-
ponents and discuss our key assumptions.

3.1.1. Description and Notation. We define the setting
of the DPLDMP as follows.

Resources. We consider a single parcel locker. The
locker consists of a limited number of compartments
that differ in their size 6 € D ={1,...,D}. The compart-
ment sizes are indexed in ascending order and allow
full cascading upgrades, that is, a parcel of size d € D
can be allocated to any available compartment of size
0 > d. The total number of compartments per size 6 is
denoted by Qs.

Planning horizon. The planning horizon is divided
into days t=1,...,00. Each day is further discretized
into sufficiently small time periods such that at most
one request arrives per period. This yields a set of dis-
crete points in time t € T ={1,..., T} per day. Parcels are
delivered to the locker once every day. For the alloca-
tion of parcels to compartments at the end of each day,
we introduce an additional point in time T + 1 with no
request arrival. An entire day 7 is thus represented
by 7" =T U{T+1}.

Requests. The requests arrive dynamically according
to a known stochastic process &’ and are characterized
by three attributes. Firstly, each request belongs to a
customer type c€ C ={1,...,C}. Secondly, the parcel size
d € D indicates that the request requires a compartment

of size 6 >d. Thirdly, the lead time ecE={1,...,E}
determines when the parcel must be delivered to the
locker. More precisely, a parcel with lead time ¢ has to
be assigned to a compartment in the eth allocation deci-
sion from now if accepted.

Parcel pickups. The pickup time 1 refers to the amount
of time after allocating a parcel to a compartment up
until the compartment becomes available again. We
express the pickup time as a tuple ¢ = (b,q) where b
represents the number of days after allocation and g €
7 the point in time at which the compartment’s status
changes to unoccupied. Given that this depends on
whether and when the customer collects the parcel, the
pickup time is uncertain from the provider’s perspec-
tive. It follows a known distribution &’ that may
depend on the customer type c. If the customer does
not collect the parcel before a specific number of days
B, called the maximum storage time, elapses, the provider
removes the parcel from the locker. Consequently, the
maximum storage time automatically yields an upper
bound on the pickup time withb e B={1,...,B}.

Having defined the basic setting, we elaborate on the
provider’s decision making.

Feasibility check. For each request, the provider first
determines whether it is feasible. To guarantee feasibil-
ity, the decision maker must ensure that a sufficiently
large compartment is going to be available from the
time of delivery up until the customer picks up the par-
cel or the maximum storage time B elapses.

Demand control. After the feasibility check, the pro-
vider makes a demand control decision, that is, accepts or
rejects the request. In case of acceptance, the request
turns into an order. If the request is rejected, the cus-
tomer may choose another delivery option such as
home delivery, which is out of this paper’s scope.

Allocation. At the end of each day (t = T + 1), the pro-
vider allocates parcels scheduled for delivery on the fol-
lowing day to available and compatible compartments.
Once a parcel is assigned to a specific compartment, it
remains there until the customer collects it or the maxi-
mum storage time is reached.

Objective. The provider seeks to maximize the
expected number of accepted requests that result in a
successful delivery.

We illustrate the sequence of decisions and events
along an exemplary timeline in Figure 1.

3.1.2. Main Assumptions. Our definition of the DPLDMP
draws on the following assumptions.

1. The assumption of locker compartments allowing
full cascading upgrades aligns with the locker layout
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Figure 1. Timeline for Decisions and Events

T—1 T T+1 T+2 T+3

L Lead timee =2 | Maximum storage time B = 2 |
[« e g

1 2 t T T+1 1 T+1 1 T+1 1 T+1

— | ] | | | —
o Pickup time ¢ = (b,q) = (2,1)

Req_uest Feasibility Demand Allocation < >
arrival check control

Notes. A request arrives at t on day 7 with lead time e = 2. If the request is feasible and accepted, it has to be allocated at T + 1 on day 7 + 1. The
maximum storage time is B = 2 such that the compartment assigned to the parcel is guaranteed to be available again by T + 1 on 7 + 3. Customers

usually collect their parcel earlier, leading to a specific pickup time ).

configurations commonly encountered in practice. Typ-
ically, parcel lockers consist of multiple tower modules
of uniform width such that the compartments sizes
merely differ in their height.

2. For ease of exposition, one can imagine the actual
delivery to the locker happening immediately after the
allocation decision (for the parcels that are due for
delivery on the next day). Nevertheless, our problem
definition does not rely on this simplification as long as
the delivery is executed once each day and roughly at
the same time. We do exclude detailed operational
planning such as vehicle routing and same-day deliv-
ery because it creates a highly complex setting in its
own right (Ulmer and Streng 2019).

3. The DPLDMP focuses on last-mile logistics. In
practice, parcel lockers additionally play an increas-
ingly important role in first-mile logistics because par-
cel senders can also drop off their parcels (e.g., returns)
at the locker. We assume that the vehicles performing
the delivery to the locker have sufficient capacity to
handle all dropped-off parcels upon their daily visit,
allowing us to neglect first-mile logistics.

4. To represent the choice behavior of customers,
we employ the independent demand model (Strauss,
Klein, and Steinhardt 2018). In other words, we assume
that every customer is interested only in one specific
locker. This translates to the following process from
the customer’s perspective: Each customer considering
locker delivery already has a preferred locker in mind
when shopping online. During the checkout process,
the customer selects the desired locker through an
interface, which triggers a request arrival for the pro-
vider. In case of rejection, the customer chooses another
delivery option such as home delivery or abandons the
purchase. The assumption of independent demand is
common in the OOHD literature, particularly as the
special case of customers favoring the locker closest to
their home (Galiullina et al. 2024). In our case, it enables
us to decompose locker networks and consider each
locker independently. Although this is likely justified
in sparse networks, it does neglect dynamic substitu-
tion effects that arise in denser networks where

customers can easily switch to an alternative locker if
their preferred one is unavailable.

5. We assume the size of the parcel to be known
upon request arrival. As an example from practice,
Amazon automatically tracks during the customer’s
checkout process whether an order is eligible for deliv-
ery to a locker due to its size, weight, and other factors
(Amazon 2023), rendering this assumption realistic.

6. The lead time is fixed, and the provider cannot
pre- or postpone deliveries. While more flexibility is
conceivable for a retailer, logistics service providers
would have to establish intermediate storage capaci-
ties. To keep the problem relevant for as many applica-
tions as possible, we treat the lead time as given.

7. Empirical data show that customers with expedited
shipping options tend to retrieve their parcels more
quickly than those with standard shipping (Sethuraman
et al. 2024). This motivates customer type-dependent dis-
tributions of pickup times. The maximum storage time is
a standard concept in practice, typically ranging between
three to seven days, and applies uniformly to all cus-
tomer types.

8. For the feasibility check, we require information
on the availability of compartments. This in turn hinges
on the pickup times of orders currently in the locker as
well as those scheduled for delivery in the next E days.
Given that pickup times are uncertain, we can only
guarantee a successful delivery by hedging against all
possible realizations of pickup behavior. More pre-
cisely, in this strict interpretation of feasibility, we
require a feasible allocation to exist even in the worst
case where all customers use the maximum storage
time. Note that this comes at the expense of strongly
erring on the side of caution: We classify requests that
can be feasibly allocated for some but not all realiza-
tions of pickup times as overall infeasible. There might
thus be cases where, in hindsight, a request could have
been delivered to the locker despite not passing the fea-
sibility check. We relax this strict definition by allowing
a limited use of overbooking in Section 3.4.

9. We do not allow parcels to be reallocated once
they are assigned to a specific compartment as this
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would increase the operational complexity of locker
deliveries.

3.2. Sequential Decision Problem
Leveraging the framework by Powell (2022), we model
the DPLDMP as a sequential decision problem.

3.2.1. Decision Epoch. A decision epochk=1,...,00is
triggered by one of two possible events:

1. Request arrival. If a request arrives at t € 7, the pro-
vider makes a demand control decision.

2. End of day. At the end of each day, the provider
has to allocate orders scheduled for delivery on the
subsequent day. Consequently, a decision epoch arises
whenever the system reaches t =T + 1.

3.2.2. Predecision State. The predecision state vari-
able Sy encompasses all information necessary to make
a decision in decision epoch k and model the system
from this point onward:

o Temporal information. We keep track of time with
the current day 7, and point in time #;.

o Locker occupancy. To determine the available capac-
ity, we require information on which locker compart-
ments are presently occupied and for how long. The
dwell time he H={1,...,B—1} indicates that a parcel
is spending its hth day in the locker (starting with the
day after its allocation). Note that we do not need to
track parcels with a dwell time equal to the maximum
storage time B as we know for certain that they will
either be picked up or removed by the end of the cur-
rent day. We represent the number of compartments of
size 0 that are occupied by a parcel belonging to a cus-
tomer of type c on the hith day since its allocation with
I¥ . Overall, we can write Ly = (If ; )sep, cecner for the
locker occupancy.

e Pending orders. Besides the orders already deliv-
ered to the locker, we need to keep track of the orders
scheduled for delivery in the following days. The
remaining fulfillment time f € F = {1,...,F} specifies that
an order must be assigned to a compartment in the f th
allocation decision from now with f = 1 referring to the
current day. Directly after accepting a request, its
remaining fulfillment time is equal to its lead time. In
other words, we use f as a countdown to track the
amount of time until delivery, that is, the remaining
fulfillment time of each order decreases by one unit
with each passing day (Section 3.2.5). Letting ofjlcf refer
to the number of parcels of size d belonging to a cus-
tomer of type ¢ that must be allocated in the fth alloca-
tion decision from now, we model the pending orders
with Oy = (0§Lf)dep,cec, fer-

o Request type. Based on the three request attributes,
we construct request typesr € R ={1,...,C-D - E} with
the associated customer type c,, parcel size d,, and lead

time ¢,. We use an artificial type r = 0 to model the case
of no request arrival. The state variable contains the
type of the newly arrived request 7.

In summary, we define the predecision state variable
as Sy = (T, tx, Li, Ok, 1) for k > 0 with an initial state Sy
and model the set of all possible predecision states
with the predecision state space S.

3.2.3. Decision. The decision space X(S;) encompasses
all feasible decisions in Sx. We generally use X € X(Sy)
to refer to the decision in decision epoch k. The specific
type of decision depends on t;.

Demand control. If t, €7, the provider makes a
demand control decision. We denote it by g with g =
0 encoding rejection and gx =1 acceptance. To deter-
mine the demand control decision space X(Si)=
G(Sk) €{0,1}, the provider performs a feasibility check.

To classify a newly arrived request in decision epoch
k as feasible, the provider checks whether a feasible ten-
tative allocation plan spanning the next F days exists.
Assuming for the sake of the feasibility check that all
customers make use of the maximum storage time, we
formalize this as follows: Let decision variable yscg
denote the number of compartments of size 6 to which
we tentatively allocate a parcel with customer type c in
the fth allocation decision from now. We model the
acceptance of the current request 1, by modifying Ok
to Oy with & = o, +1(d =d,, c=c,, f =f,) and 1()
symbolizing the indicator function. The feasibility check
reduces to determining whether a solution satisfying
the following constraints exists:

f Bf
SN v+ Y > 5,<Qs 6€D,f=1,...,min{F,B-1},

ceC j=1 ceC h=1

@

5e€D,B<f<F, @)

B-1
DD Ysori<Qs

ceC j=0

o 0
Z yfcf < Z 6§cf
j=1 =1

60eD\{D},ceC feF, (3)

D Ysg = 0k ceC,feF, @)
0€D deD
yécfENO 6€D,C€C,f€]:. (5)

Constraints (1) and (2) ensure that the number of
compartments is not exceeded, taking into account the
current occupancy of the locker, the tentative allocation
decisions over time, and the maximum storage time.
Constraints (3) guarantee that orders are assigned to
compatible compartments. More specifically, the num-
ber of occupied compartments up to a specific size o
must not exceed the number of eligible orders (d < 0),
simultaneously allowing for upgrading. Constraints (4)
state that all orders in Oy must be allocated.
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If a feasible solution exists, G(Sx) = {0,1}, and G(S;) =
{0} otherwise. Note that the tentative allocation plan
only serves to determine the demand control decision
space and is discarded afterward.

Allocation. In t, =T +1, the provider allocates all
pending orders in Oy with f = 1. Let a%,, encode the num-
ber of parcels of size d belonging to a customer of type c
that are allocated to a compartment of size 6 (0 >d) in
decision epoch k with Ay = (%) jep, se (,...,D},cec- TO pre-
serve feasibility, the allocation decision space X(Sk) =
A(S) encompasses all feasible solutions to Constraints
(1)—(5) with Oy = Oy along with additional constraints
that correctly link as sc 10 Ysc1 and Og:

5
Yoc1 = Zu’;& 0eD,celC, 6)
d=1
D
offlcl = Zu’;& deD,ceC, )
o=d

ak,. €Ny deD, 5e{d,...,D}, ceC. (8)

Note that only the allocation decisions represented by
aks. are actually implemented, whereas the tentative

allocations encoded by ys., r>2 get discarded.

3.2.4. Postdecision State. After making a decision in
Sk, the system deterministically transitions into the
postdecision state S; = (7, t, L, Of). We model this
with the transition function S} = SM*(Sy, X). In case
of demand control, the locker occupancy remains
unchanged (Lj =L;). The pending orders Oy are
updated to Op with offlcf = o’écf +1d=d,,c=cp, f =
fr 8 =1) and 1(-) symbolizing the indicator function.
Each allocation decision marks the end of the current
day, and we can directly update the remaining fulfill-
ment time f of all pending orders as well as the dwell
time /i for the locker occupancy, leading to og’c‘f =

k _ R S kx _ gk
OGe, f+1 forf=1,...,F -1 with o5, =0 and [}, = 166,11_1

for h > 1 with I8, = 55_, ak, . We denote the postdeci-
sion state space by S™.

3.2.5. Exogenous Information. The exogenous infor-
mation Wiq = (Tesn, tear, i1, Pre1) € W(SE) comprises
all information that is revealed when transitioning
from S to Siy1. We formalize this with the transition
function Sg.q = SMY (S}, Wi.1) and represent the proba-
bility of observing Wi,1 when in S with P(Wj.|S}).
Note that, although we can deterministically infer 7y,
from S, we model it as part of Wy, for readability. In
contrast, try1 and r¢1 depend on the stochastic request
arrival process. To model the second source of uncer-
tainty, ptil denotes the number of compartments
of size 6 that had been occupied by a parcel with cus-
tomer type ¢ for a dwell time of /1 in 5; and become

available again during the transition to Si,;. In aggre-
gated form, we can write Piq = (P55Dsep, cecner- We
determine the pending orders and locker occupancy in

the next predecision state Sy by Oy = Of and l’g:hl =

kx k+1
léch ~ Pscn -

3.2.6. Reward, Policy, and Objective Function. We
define the reward function R(Sk, Xi) as follows: If the
provider accepts a request, the reward function takes
on the value R(Sy,gx=1)=1, and R(S;,8=0)=0 in
case of rejection. The allocation decision yields no
immediate reward (R(Sy, Ax) = 0).

The solution to a sequential decision problem is a
policy m eIl The policy maps states to decisions,
denoted by XJ'(Si). The optimal policy 7" maximizes
the objective function. Because of the infinite planning
horizon of the DPLDMP, we define the objective as
the expected average reward per decision epoch with
reward rate R* (Sutton and Barto 2018, chapter 10.3):

K
R = max{ lim %ZE“ [R(Sk, X7(Sk))|So] } ©)
k=1

nell | K—oo

3.2.7. Value Function and Opportunity Cost. The value
function V(S) represents the value of being in a given
predecision state S € S and equals the expected sum of
rewards (adjusted by R”) if we start in S and apply 7*
from that point onward (Mahadevan 1996). We denote
its counterpart for the postdecision states by V*(S) with
S € S*. The value function is defined recursively with
the Bellman equation:

V(Sy) = max {R(Sy, Xx) — R* + V¥(S})} (10)
X, €X(Sy)

= max {R(Sk,Xk)—R*+ > P(wk+1|s;).v(sk+l)}.

Xiex (S Wer @V(S))
(11)

Considering the demand control decision for a feasi-
ble request, the first expression can be reformulated to
V(Sk) = max{1 — R* + V¥(SM*(Sy, gx = 1)); —R* + V*(SM*
(Sk,8x = 0))}. Defining AV¥(S;) as the opportunity cost
(Talluri and Van Ryzin 2004), that is, the difference
in postdecision state values caused by accepting the
request in decision epoch k, we can rearrange the terms
and observe that under the optimal policy 7", a feasible
request is accepted if and only if the following holds:

12> VX(S"™(Sp, gk = 0) = V*(S™(Sk, gk = 1)) = AV*(Sy).

(12)
In other words, the immediate reward of accepting the
request, which is equal to one, must be at least as large

as the request’s opportunity cost due to the expected
displacement of future customers.
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3.3. Properties of the Optimal Policy
From a theoretical perspective, the optimal policy has
the following to properties.

Property 1. The opportunity cost AV*(Sy) is nondecreas-
ing with increasing parcel size (proof in Online Appendix
B). From this, we infer that requests with smaller parcels
tend to be, ceteris paribus, more likely to get accepted
under 7" than larger parcels. Intuitively speaking, smal-
ler parcels offer more upgrading possibilities and can
therefore be allocated with more flexibility.

Property 2. It is not optimal to always allocate parcels to
the smallest available and compatible compartment. Fol-
lowing a similar argument to Gonsch and Steinhardt
(2015), we prove this by example: Consider a locker
with one small and one large compartment that are
both unoccupied. There is one small pending order
with remaining fulfillment time f =1 and a large one
with f = 4. The maximum storage time equals B = 3. If
we do not allocate the small order to the large com-
partment now, the available capacity on the following
two days in this compartment becomes worthless:
Because of B =3, we cannot guarantee that the com-
partment would be available for the large order if we
were to allocate a parcel to it on one of the next two
days. As a result, we can allocate the small order to
the large compartment without any displacement.
Therefore, it is optimal to allocate the small order to a
larger compartment than strictly necessary.

3.4. Generalization to Overbooking

In the model formalized in Section 3.2, the feasibility
check guarantees that all accepted requests can be
successfully allocated to the locker. We justify this
assumption as follows: Orders wrongly classified as
feasible cause failed deliveries and create the need
for fallback measures such as rerouting parcels to alter-
native lockers or parcel shops, which can cause sub-
stantial customer dissatisfaction. At the same time,
regularly denying service by rejecting requests due to
this strict definition of feasibility can also provoke frus-
tration and deter customers from requesting in the
future, rendering the feasibility check a double-edged
sword.

To strike a balance between failed deliveries and
rejected requests, we generalize our model by incorpo-
rating overbooking in the form of a static surge capacity
that makes the feasibility assumptions less restrictive
(Talluri and Van Ryzin 2004, chapter 4.2). In other
words, we substitute the actual locker capacity Qs with
an artificially inflated virtual capacity Qf > Qs in Con-
straints (1) and (2). This applies to the entire tentative
plan in case of the feasibility check and to f > 2 for the
allocation decision. The latter requires further adapta-
tions to its decision space. Constraints (4) become less-
than-inequalities for f=1. We determine the total

number of orders to allocate in f =1 by myopically
maximizing » scp > .ccYscl under the adapted con-
straints and include the resulting objective value Y* as
an equality constraint: Y 5. > ¢ Yse1 = Y. Unallocated
orders for f =1 are considered failed deliveries and
removed from the system.

As a result of overbooking, the model evolves into
a multiobjective problem because the provider is
both interested in maximizing the number of accepted
requests while simultaneously keeping the number of
failed deliveries as low as possible. To combine these
two conflicting objectives, we introduce a penalty m that
arises per failed delivery. The corresponding reward
function M(Sy, Xi) equals zero in case of demand control
and M(Sy, Ag) =m - ZdeDZCEC(Ogcl - Z?:d alééc) for the
allocation decision. Note that the reward rate in (9) now
depends on the virtual capacity vector QY = (Q%)sep,
yielding R*(Q?) = maxerr{limg_c %Efﬂ E™[R(Sk, X}
(Sk)1S0,Q°1}. To the determine the optimal virtual
capacity, the provider must solve the following problem
with 7" = arg maxzer R*(Q°):

K
max{R*(Q”) — lim EZE” [M(Sk, X[ (Sk))|50/Qv]}o
Qr Koo K

(13)

We can recover the model from Section 3.2 by setting
m = oo, leading to Q% = (Qs)sep-

4. Solution Approach

In this section, we present our solution approach for
the DPLDMP. First, we outline our framework and the
core ideas behind it in Section 4.1. Second, we specify
the CFA that governs allocation decisions in Section 4.2.
Third, Section 4.3 is dedicated to the parametric VFA
responsible for demand control. Lastly, we explain how
to determine the virtual locker capacity for overbooking
with BO in Section 4.4.

4.1. Outline and Motivation

We begin by developing an approach for the DPLDMP
without overbooking, as defined by (9). Building on
this foundation, we extend our framework with a
mechanism to optimize the virtual capacity vector in
(13). The entire solution framework is summarized in
Figure 2.

4.1.1. Demand Control and Allocation. Although toy
instances with a handful of compartments and points
in time can be solved to optimality (Section 5.1.1), the
curses of dimensionality (Powell 2022) render the com-
putation of " in (9) intractable for realistic problem
sizes. Although G(Sx) is manageable because |G(Sk)| < 2,
its counterpart A(Sx) corresponds to a multidimen-
sional resource allocation decision space that grows
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Figure 2. (Color online) Solution Procedure
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combinatorially in its dimensions. Similarly, the multi-
dimensional matrices in Sg, S, Wi lead to prohibitively
large state and outcome spaces S,S, W(Sy) for real-
world applications.

To overcome these challenges, we need to develop a
suitable solution approach. Apart from the two sources
of uncertainty induced by request arrivals and parcel
pickups, a key characteristic of the DPLDMP stems
from the two types of strongly interrelated decisions
arising at different points in time. Consequently, the
solution framework must not only encompass tailored
components to handle each decision type on its own,
but also properly address their interdependencies.

e Well-performing allocation decisions ensure that
the locker’s limited capacity is utilized efficiently and
simultaneously create favorable conditions for subse-
quent demand control. This requires anticipating allo-
cation decisions for pending orders and predicting new
orders resulting from future demand control.

e As shown in (12), optimal demand control essen-
tially trades off a request’s immediate reward with its
opportunity cost. As a result, demand control should
factor in allocation decisions because they influence the
available capacity in the compartments, shape the deci-
sion space for future demand control, and affect the
capacity consumption caused by accepting the request,
which is all reflected in the opportunity cost.

To handle the interdependencies between the two
decision types, we propose a hierarchical approach.
More precisely, our solution framework comprises two
components, one for demand control and one for allo-
cation, with different levels of sophistication. Given
that demand control determines which requests turn
into orders, it presents itself as a more promising lever
to improve overall performance. By comparison, allo-
cation merely serves as a secondary decision. Intui-
tively speaking, it is harder to compensate bad demand
control decisions with good allocation decisions than
vice versa. Bearing this in mind, we consciously limit
the computational effort of the allocation component in
favor of an elaborate demand control component.

Drawing on the framework by Powell (2022), we
design the individual components as follows: Allocation

is characterized by its extensive decision space. In light
of this, we employ CFA, yielding a parameterized opti-
mization model. This allows us to efficiently search the
decision space with standard solvers. If the provider
accepts a request during demand control, it turns into
an order and typically stays in the system for several
days depending on its lead time and pickup time. To
properly estimate the decision’s downstream impact,
we apply a parametric VFA.

Harnessing this architecture, we devise the following
procedure to obtain the CFA and VFA parameters.

1. The vast set of potential CFA parameterizations
necessitates tuning. However, the performance of a
specific CFA parameter configuration also depends on
demand control, whose VFA parameter weights in
turn hinge on how allocation decisions are made as a
result of the CFA parameters. Consequently, we need
to train the VFA for each CFA parameterization we
want to examine, which is computationally expensive.
At the same time, we must keep the computational bur-
den of the core of our solution framework moderate to
be able to extend it to overbooking. We achieve this by
predefining a promising subset of candidate CFA para-
meterizations through domain knowledge, aiming to
create favorable conditions for demand control.

2. We embed the allocation scheme of a given CFA
parameter configuration into the VFA feature design,
thereby incorporating the impact of allocation into
demand control. This yields a vector of features ¢(S5).

3. To train the VFA, we learn the parameter weights
for the features through offline simulation. The simu-
lator requires a given CFA parameterization, which
determines the simulated allocation decisions (and
the feature design), as an input and returns a vector of
trained weights 6.

4. A specific CFA parameterization together with the
correspondingly trained VFA form a candidate policy,
whose performance is evaluated through simulation.

5. Among the evaluated candidate policies, we choose
the best-performing one as the final policy.

In summary, we take the interdependencies between
the two decision types into account by contriving can-
didate CFA parameterizations that aim at facilitating
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future demand control and, conversely, by construct-
ing the features and training the VFA for the allocation
schemes induced by the CFA parameters.

4.1.2. Virtual Capacity. A key challenge to solving (13)
lies in the fact that the objective cannot be represented
with an analytical function. To address 7" = arg maxer
R*(Q?) and obtain a policy 7 for a given virtual capacity
vector, we adopt the method described in the previous
section. Consequently, evaluating the objective value in
(13) is quite costly in terms of computational effort
because we first have to train the VFA and then deter-
mine the objective value with simulation. To efficiently
guide the solution process, we use BO. On a high level,
for each CFA parameterization, we conduct a prede-
fined number of iterations with BO. In each iteration,
BO suggests a new virtual capacity vector (Section 4.4),
for which we train the VFA and evaluate the resulting
policy. We execute this procedure for every candidate
CFA parameterization and select the best policy and vir-
tual capacity in the end.

4.2. Cost Function Approximation

CFA involves solving a parameterized optimization
model where the objective or constraints are modified
to induce decisions that perform well over time and
under uncertainty. This entails two steps: first, design-
ing the parameterization (Section 4.2.1), and second,
determining the parameter values (Section 4.2.2).

4.2.1. Design of Parameterization. As a starting point
for modifying the immediate reward function of alloca-
tion decisions, we identify two favorable circumstances
for subsequent demand control.

1. In general, larger compartments tend to be more
valuable as they fit more parcel sizes and offer more
flexibility. Although Property 2 in Section 3.3 proves
that it is not optimal to always assign parcels to
the smallest available compartment, this principle still
holds in many cases.

2. Having a specific compartment available for mul-
tiple consecutive days increases the likelihood of
incoming requests being feasible. In light of this, we
aspire to allocate orders such that we conserve avail-
able capacity in the compartments across several days
to facilitate the construction of feasible tentative plans.

Bearing these two considerations in mind, we intro-
duce the concept of capacity windows. With this term,
we refer to a stretch of available capacity in the tenta-
tive allocation plan. It is characterized by its length A,
that is, the number of allocation decisions (days) it
spans across and the size 6 of the compartment in
which it arises. For a specific tentative allocation plan,
we let ws) denote the number of capacity windows in
compartments of size 0 with length A. Capacity win-
dows serve as the basis for our CFA design as they

encapsulate both the notion of preserving capacity
across multiple days as well as the relevance of the
compartment size. We weight ws, with a correspond-
ing parameter v;) and obtain the CFA objective:

maxz Z VAW A - (14)

0€D AeF

To properly link ws, to the allocation decision A, we for-
malize the CFA decision space in Online Appendix C.

4.2.2. Parameter Selection. After specifying the CFA
design, we need to determine suitable values for vs,. A
key challenge is posed by the large space of potential
parameterizations that grows combinatorially with the
number of compartment sizes D and window lengths
F. To tackle it, one would typically resort to methods
from the realm of stochastic search (Powell 2022, chap-
ter 11.12). However, these methods require evaluating
each generated parameter configuration. In our case,
this is computationally expensive as the CFA para-
meters are also embedded in the VFA feature design
and part of the VFA training procedure. More specifi-
cally, we have to retrain the VFA whenever the CFA
parameters are adapted and then measure the perfor-
mance of the resulting policy through simulation. Con-
sequently, evaluating a sizeable number of parameters
is hardly tractable. Instead, we limit the number of
candidate parameterizations a priori through domain
knowledge, thereby sidestepping the issue of excessive
computational effort for parameter tuning.

Essentially, capacity windows are characterized by
their length A and the compartment size 6. Accord-
ingly, we propose two objectives, each geared toward
maximizing the number of capacity windows in hierar-
chical order of one of these attributes. To cover both,
we optimize the objectives in lexicographic order.
For the specific parameterizations, we refer to Online
Appendix C. We solve the resulting integer program
(IP) with standard software, thereby handling the
curse of dimensionality in the allocation decision
space.

4.3. Value Function Approximation

If an oracle was to provide us the optimal value function
V*(S), applying the decision criterion in (12) becomes
trivial. Essentially, it boils down to trading off the
request’s immediate reward with the opportunity cost.
The opportunity cost captures the potential displace-
ment of future customers: Each accepted request con-
sumes capacity, which might force the provider to reject
future requests.

The curses of dimensionality render the computation
of V¥(S) intractable for realistic problem sizes, compel-
ling us to rely on approximation. Instead of computing
the value for each state individually, we learn a para-
metric VFA with a vector of weights 0 to obtain value
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estimates V*(S]0). As an input, we devise a set of fea-
tures ¢(S5) to extract relevant information from the state
variable in Section 4.3.1. Subsequently, Section 4.3.2 sheds
light on the procedure to learn the parameter weights 0,
complemented by a detailed description of our modified
version of experience replay in Section 4.3.3.

4.3.1. Feature Design. As a preliminary consideration,
we first establish which values we seek to approximate
given that the value function can be computed for
predecision states Sy, postdecision states S or pairs of
predecision states and decisions (Sk, Xi). The latter cor-
responds to the Q-values typically used in RL, where
rewards are modeled as a random variable. By con-
trast, we want to exploit the fact that rewards are a
deterministic function of S; and Xj in the DPLDMP,
which is not possible with Q-values. If we were to
approximate the values for S;, we would have to com-
pute the expectation in (11), which is not tractable due
to the curse of dimensionality in the outcome space. To
sidestep this, the best-suited choice is to approximate
the values of the postdecision states S;.

In a next step, we require an adequate representation
of the information contained in 5§ in the form of a vec-
tor of features ¢(S;). In theory, one could directly use
S; itself. However, this comes at the disadvantage of a
relatively large number of features (2+DC(F+B —1)
in total) and hence parameters to learn while foregoing
the opportunity to incorporate domain knowledge.
Specifically, Sf offers no immediate insight into the
implicit resource allocation task at the end of each day
and the allocation logic induced by the CFA.

Intuitively speaking, the expected future rewards
and thus the value of a state hinge on the available
capacity and the incoming future demand, which are
both uncertain. As an underlying strategy, we aim to
capture an estimate of the available capacity through
our features and then evaluate what can be achieved
with it in terms of expected future rewards through the
parameter weights 0. This general idea has proven suc-
cessful in other domains, such as dynamic vehicle rout-
ing (Ulmer, Mattfeld, and Koster 2018) or integrated
demand management and vehicle routing problems
(Koch and Klein 2020).

To measure available capacity, we revert to the con-
cept of capacity windows introduced in Section 4.2.1.
For the CFA, capacity windows are determined based
on the allocation decision space, which assumes that all
customers use the maximum storage time. For the VFA
features, we slightly adapt this to get an estimate
of available capacity that also reflects the uncertain
pickup behavior of customers. More specifically, we
generate a total of U scenarios with sampled pickups
for all pending orders O} and orders currently in the
locker Lj. In the latter case, we exploit the dwell time £

and current point in time f; to obtain conditional
pickup probabilities. For each scenario u =1,...,U, we
construct a tentative allocation plan by solving the IP
in Online Appendix D. Note that the tentative plan
with sampled pickups covers a slightly longer plan-
ning horizon F = {1,...,F+ B — 1} to fully include the
pickup times of orders allocated in f = F.

To incorporate the allocation scheme in the feature
design, we use the CFA parameters vs, as objective
coefficients. Note that we do not aim to perfectly pre-
dict future allocation decisions; the main purpose is to
get an estimate on available capacity with reasonable
computational effort that allows a differentiated evalu-
ation according to compartment size as well as connect-
edness across multiple days. Given that we need a
tentative plan for each scenario and that U should be
sufficiently large, we reduce the computational burden
by constructing the tentative plans as if all pickup times
were known upfront.

In each scenario u, we extract the number of capacity
windows @}, per compartment size 0 and length A
from the tentative allocation plan. Averaging across all
scenarios, we obtain W) = %25:1 w5, as input features
for the VFA. Regarding the functional form, we opt for
a linear approximation architecture with parameter
weights 05y, and a constant intercept 0. Note that
including an intercept is not only strongly recom-
mended in general (Kutner et al. 2004, chapter 4.4), but
also necessary in our specific setting: Even if all fea-
tures @s, take on the value zero, meaning that we esti-
mate to have no available capacity during the limited
planning horizon of the tentative allocation plan, we
still expect to generate rewards in the long run once the
capacity becomes unoccupied again, which is captured
by the intercept.

. T A A A
Letting  ¢(S) =(1,@11,...,W1,F+B-1,--., WD, F+B-1)
denote the vector of features and 6" = (6,611, ...,
01,r48-1,---,Op,r+p—1) the vector of parameter weights,

we specify V*(S|6) as follows:

VISE0)=0"d(SH =00+ Y Y Ondsr.  (15)

0€D \eF

On the surface, (15) bears a strong resemblance to (14).
However, note that they differ in two critical ways.

1. Pickup times. For the CFA, ws, is calculated assum-
ing every customer makes use of the maximum storage
time, whereas the VFA features @, result from averag-
ing across multiple sample realizations of pickups. We
refrain from incorporating sampled pickups in the
CFA for two reasons: First, although we can compute
each scenario separately for the VFA, we would have
to jointly optimize the allocation decision over all sce-
narios for the CFA. Second, the worst-case scenario
is highly relevant for demand control as it is the
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foundation for the feasibility check, which motivates
gearing allocation decisions toward it.

2. Determination of parameters. The VFA parameter
weights 0 aim at approximating the value function of a
policy and are the result of a simulation-based learning
process that requires a CFA parameter configuration as
an input (Sections 4.1 and 4.3.2). By contrast, the CFA
parameters v, are the result of tuning (Section 4.2.2
and Powell 2022, p. 613). Note that we cannot simply
use the trained weights 0 in the CFA objective because
they are always trained for a specific allocation scheme.
If we change the CFA parameters, we must retrain 6
(and adapt the objective for computing the tentative
allocation plans for ¢(S;)).

4.3.2. General Training Procedure. To train the VFA
parameter weights 6, we combine different RL techni-
ques in a simulation-based learning process that is exe-
cuted offline. Our algorithmic procedure encompasses
two types of updates: Upon each simulated demand
control decision, we update the parameter weights
incrementally based on temporal difference (TD) learn-
ing (Sutton and Barto 2018). At the end of selected
days, we additionally perform a second type of update
using experience replay (ER; Lin 1993).

Algorithm 1 (Training of VFA Parameter Weights 6)
Initialization: 0 =0,M = {},n =0, 5}
1: fort=1,..., 7™ do

2: repeat
3: nen+1l
4: sample exogenous information W, to obtain
Sp=SMW(SE |, W,)
5: if t, < T then
6: make ¢e-greedy demand control decision
¢ to obtain S% = SMX(S,, ¢,)
7: perform TD update and add experience
toM
8: if M| > « then
9: remove oldest experience from M
10: end if
11: end if
12: until, =T+1
13: make allocation decision A, to obtain S; =
SM(Sn, An)
14: if (7, > n) A (t, mod C = 0) then
15: perform ER update
16: end if
17: end for

In the subsequent paragraphs, we delve into the algo-
rithmic procedure outlined in Algorithm 1 (we provide
a more detailed pseudocode in Online Appendix D). As

a first step, we introduce the parameters: The simula-
tion runs for a total of T™* days, and we use n to refer
to simulated decision epochs. For decision making, we
employ an exploration scheme ¢,. The ER parameters
specify the size x of the replay memory M and the size
X of the samples drawn from it as well as the start ) and
frequency C of ER updates. Lastly, we require a CFA
parameterization vs) as it shapes the VFA features
&(S5) and governs allocation decisions during the sim-
ulation. We initialize the algorithm by setting all param-
eter weights 0 to zero. Furthermore, the algorithm
starts with an empty replay memory M = {} and with
an initial postdecision state Sj.

During each simulated day, we generate the next
decision epoch by sampling exogenous information W,
and transitioning into a new predecision state S,. In
case of a request arrival, we make an e-greedy demand
control decision; that is, we choose the decision that is
deemed optimal according to our current parameter
weights with probability 1 — ¢, and select a random
decision out of G(S,) with probability ¢,. This induces
the algorithm to try decisions that are perceived subop-
timal according to the current parameter weights to
verify their evaluation and ensure sufficient explora-
tion. After demand control, the system evolves into S7,.
Based on this transition, we compute the TD error to
update 0. The data collected during decision epoch n
are stored as an experience (¢, prIet, pAecePt RACPY)
that encompasses the feature vector of the previous

postdecision state ¢ = &(S}_,), as well as the feature
vector resulting from rejection of the current request
& = B(SM¥(S,,,0)). Moreover, if the request is feasi-
ble, we include the postdecision state features for accep-
tance P = h(SM*(S,,1)) and the reward Ry “F" = 1.
For an infeasible request, we set ¢**“*?* = 0 and Rj“F" =
—oo. If the size of the replay memory exceeds x, we
delete the oldest experience.

The sequence of demand control decisions and TD
updates carries on until the day concludes with the allo-
cation decision in T + 1, which is shaped by the CFA
parameterization vs,. In addition, after the first 1 days,
we perform an ER-based update for 0 every C days. The
threshold 7 serves to ensure that a sufficient amount of
experience has accumulated in the replay memory.

4.3.3. Experience Replay Update. For the ER update,
we generate a simple random sample without replace-
ment from M, denoted by M. The sample contains (up
to) x previously encountered decision epochs (if x >

|M|, M = M), each associated with a stored experience
(@0, ¢, Pt RP) Based on this data, we com-
pute a value estimate (Section 3.2.7) v; = max{R}“P* — R+
0", —R + OTd);ejed} for each sampled experience
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Vie M (with R as an estimate for the reward rate;
Online Appendix D). These estimates serve as predic-
tion targets in a ridge regression to obtain updated
parameter weights.

Note that our version of ER differs from its standard
implementation in RL in the following four ways.

1. Postdecision state values. Instead of Q-values, we
approximate postdecision state values. This entails
adaptations that make the ER updates less off-policy,
that is, the difference between the behavior policy used
to generate data and the target policy to be approxi-
mated is less pronounced (Mnih et al. 2015). More speci-
fically, the update targets in our version of ER are more
on-policy as we generate them by making the decision
that is considered optimal according to our current
parameter weights instead of replaying the decision
that was made at the time of collecting the experience.
The distribution of experiences in the replay memory
depends on previous parameter weights and is hence
off-policy.

2. Ridge regression. During the ER update, we per-
form ridge regression to hedge against multicollinear-
ity issues. To illustrate, if the number of longer capacity
windows reduces after a request acceptance, this is
accompanied by simultaneous shifts in other features,
that is, the number of shorter windows increasing.
Multicollinearity does not generally inhibit the predic-
tive capabilities of the regression as long as new obser-
vations lie in the region of previous data (Kutner et al.
2004). However, given that the region of frequently
encountered states changes over the course of training,
we cannot guarantee that this prerequisite holds.

3. Two types of updates. Our approach of regular TD
and periodic ER updates extends the Combined-Q
algorithm by Zhang and Sutton (2017) that uses a com-
bination of TD and ER updates in every decision epoch.
Our reasoning for less frequent ER updates is as fol-
lows: The TD update is based on a single, brand new
observation, that is, the data of the current decision
epoch. As a complement, ER draws on a batch of previ-
ously stored experiences and keeps the value estimates
in check for a larger sample of the state space, thereby
increasing data efficiency and stabilizing the learning
process (Mnih et al. 2015). However, focusing too
much on ER runs the risk of fitting the value function
to a large portion of states visited under previous poli-
cies that are in fact not relevant for the optimal policy.
In VFA, we cannot hope to approximate every state
value perfectly. Consequently, we mainly base the
learning process on “fresh” data through TD updates
and merely support it with less frequent ER updates.

4. Enforcing structure. Additionally, the ER update
can be used to enforce structural properties in the value
function by imposing constraints on the parameter
weights (Section 5 and Online Appendix E).

4.4. Bayesian Optimization

The basic idea behind BO works as follows: We begin
with a set of initial beliefs about the parameters to be
optimized in the form of prior probability distributions.
Sampling from these distributions, we generate data
points, each consisting of a parameter configuration
and the associated objective value. With these data, we
update our beliefs, identify a promising new parameter
candidate, and repeat the process. Consequently, BO
amounts to a sequential search guided by the collected
data instead of exhaustively searching a very limited
space in a grid search or proceeding in a random search
completely uninformed by previous data.

Although BO encompasses a variety of methods, we
adopt the algorithm proposed by Bergstra et al. (2011).
For the initial beliefs, we assume a uniform distribution
over {Qs,...,2-Qs} for QY and randomly initialize our
data set. To evaluate a given virtual capacity vector, we
derive the corresponding policy by training the VFA,
incorporating the virtual capacity in the features and in
the simulator. We apply the policy to multiple ran-
domly sampled, finite customers streams and compute
the average objective as an approximation of the true
objective value in (13). Each subsequent iteration con-
sists of two steps: First, the data set is partitioned into
two groups based on a quantile threshold for the objec-
tive value. Using Kernel density estimation, we con-
struct a surrogate model with two probability densities
representing the better and worse groups of para-
meters, respectively. Second, the next parameter con-
figuration is identified with an acquisition function
that maximizes the ratio of the two densities to find a
parameterization with a high probability of belonging
to the better and low probability for the worse group.
This new candidate is evaluated and added to the data
set. We perform BO for a given number of iterations
and select the best-performing virtual capacity.

5. Computational Study

In the following, we present our computational study.
After explaining its setup in Section 5.1, the subsequent
analysis serves four purposes: First, we assess the per-
formance of our solution framework (Section 5.2). Sec-
ond, we gain structural insights into the optimal policy
by solving small problem instances to optimality (Sec-
tion 5.3). Third, inspired by practice, we investigate the
impact of heterogeneous pickup behavior (Section 5.4).
Fourth, we explore the inherent tradeoff in overbook-
ing (Section 5.5).

5.1. Design

In this section, we report all instance parameters (Sec-
tions 5.1.1 and 5.1.2), present the investigated policies
(Section 5.1.3), and define the metrics (Sections 5.1.4)
and bounds (Section 5.1.5) used for evaluation.
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5.1.1. Small Instances. Solving the DPLDMP to opti-
mality is only tractable if the instances are restricted to
a modest size. We propose the following setup with up
to |S| =878,541 predecision states.

Resources. We consider two compartment sizes D =
{1,2} and all configurations with Q; +Q, <6 and
Q2 < Qq, resulting in a total of 15 distinct locker lay-
outs. For readability, we encode the compartment
sizes as S, M for 6 = 1,2 and denote the locker layouts
with a slight abuse of notation as (Qs, Qum)-

Time. Because the instances differ regarding the locker
capacity, we also vary the number of points in time T
accordingly to adjust the expected number of request
arrivals perday: T = > 5., Qs + 2.

Requests. We focus on a single customer type with an
arrival probability of one at each point in time t. The
lead time e equals one, two, or three days with equal
probability of 1. The probabilities for the parcel sizes
are proportional to the number of compartments per
size, that is, ZQ—

)
sep 2’
Parcel pickups. The maximum storage time is B =2
days with a uniform pickup probability distribution.
Objective. We select m = oo for the failed delivery
penalty; that is, there is no overbooking.

5.1.2. Large Instances. Our analysis for the large
instances is divided into two parts. In each part, the
instances are further grouped into settings. The first
part is strongly inspired by the Amazon case (Sethura-
man et al. 2024). More specifically, it highlights how
differences in the pickup speed of customer types affect
the system. To simplify the analysis, we do not incor-
porate overbooking in this part yet, that is, m = co. This
also enables us to focus on the workings of the inner
core of our solution concept because the optimal virtual
capacity QY =Q, is known. The second part delves
into overbooking and elucidates the tradeoff between
rejected requests and failed deliveries. In a sensitivity
analysis, we vary the pickup behavior of the entire cus-
tomer population to assess how different levels of scar-
city relate to the value of overbooking.

Having laid out the general structure, we first specify
the parameters that apply to all settings.

Resources. We include three compartment sizes D =
{1,2,3} with Q1 =15, Q, =10, and Q3 =5. Analogous
to the small instances, we encode the compartment
sizesas S, M, and L for 0 = 1,2, 3, respectively.

Time. Ensuring a suitable level of scarcity relative to
the locker capacity and given the tradeoff between tem-
poral resolution and associated computational effort,
each day consists of T' = 20 discrete points in time with
the allocation decisionin T +1 = 21.

Requests. There are two customer types C = {1,2}. At
each point in time ¢, a customer of type c =1 arrives
with probability 0.3, of type ¢ = 2 with probability 0.6,

and with probability 0.1, there is no customer arrival.
We consider ¢ =1 to be premium customers with expe-
dited shipping, leading to a lead time of e =1 with
probability 1. For standard customers (c = 2), the lead
time e equals one, two, three, four, or five days with a
respective probability of 0.2, 0.2, 0.3, 0.2, and 0.1. The
probabilities for the parcel sizes are identical for both
customer types and are proportional to the number of
compartments per size (},1, 1 for S, M, L).

Parcel pickups. The maximum storage time is B=3
days. Remember that we express the pickup time as a
tuple ¢ = (b,q) where b represents the number of days
after allocation and g the point in time (Section 3.1). We
assume a uniform distribution for g, leading to a proba-
bility of 1 = 5 for each point in time t € 7.

The individual settings differ with regard to the
customer pickup behavior (more precisely, the proba-
bilities for b) and the failed delivery penalty m. We
state the probability distributions for b along with the
expected value E[b] and standard deviation SD[b] in
Table 2. Note that E[b] represents how many days cus-
tomers block a compartment on average and correlates
with the scarcity of capacity while SD[b] quantifies the
level of uncertainty for pickups. The settings are struc-
tured as follows.

e In the first part, centering around customer hetero-
geneity, we set the failed delivery penalty to m = co
and examine three pickup probability distributions,
yielding three settings: With the first one, premium
and standard customers exhibit the same behavior (id
for identical). Under the second one, premium custo-
mers collect their parcels faster (pf for premium fast).
Lastly, with the third distribution, we make this differ-
ence in pickup speed even more pronounced (pu for
premium ultrafast). We select the probabilities for id
based on the fact that about 60% of parcels are picked
up within one day after delivery in practice (Hovi et al.
2023). For pf and pu, we specify the probabilities such
that the aggregated distribution over the entire cus-
tomer population remains unchanged; that is, in each
setting, 60% of all parcels are picked up within one
day, 20% on the second day, and 20% on the third day.

Table 2. Pickup Probability Distributions

Number of days after
allocation b

c 1 2 3 E[b] SD[b]
id 1,2 0.60 0.20 0.20 1.60 0.80
pf 1 0.80 0.10 0.10 1.30 0.64

2 0.50 0.25 0.25 1.75 0.83
pu 1 0.94 0.04 0.02 1.08 0.34

2 0.43 0.28 0.29 1.86 0.84
idf 1,2 0.94 0.04 0.02 1.08 0.34
ids 1,2 0.02 0.04 0.94 2.92 0.34
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e In the second part, we reconsider distribution id
along with two additional distributions that represent
extremely fast and slow pickups with high certainty
(idf for identical fast and ids for identical slow). To
keep our analysis concise, the distributions are kept
identical for both customer types. A combination of
one of the distributions id, ids, and idf with a penalty
m €{0,2,3,4, 0} constitutes a setting in this part.

5.1.3. Policies. Because of the two types of decisions
present in the DPLDMP, each of the policies consists of
two components. For the allocation component, we test
three CFA parameterizations.

e DL (first dimension, then length) is based on the
concept of capacity windows (Section 4.2) and uses
compartment size as the primary and window length
as the secondary objective.

e LD (first length, then dimension) only differs from
DL in the lexicographic order of the objectives; that is,
window length serves as the primary and compart-
ment size as the secondary objective.

e BU (bottom-up) acts as a benchmark that does not
rely on capacity windows and instead focuses fully on
the next allocation decision. It prioritizes using smaller
compartments first (details in Online Appendix E).

For demand control, we compare our method to a
practice-inspired and a myopic benchmark.

e V-ER (experience replay) is our proposed solution
approach from Section 4.3.

e DLP (deterministic linear program) is an estab-
lished method (Section 2) and similarly applied in prac-
tice (Sethuraman et al. 2024). We adapt this concept to
the DPLDMP (details in Online Appendix E).

o FC (feasibility control) is a purely myopic approach
that accepts every feasible request.

To assess the contribution of certain algorithmic
modules of V-ER, we generate two additional VFA var-
iations by adapting or removing the corresponding
parts in Algorithm 1 in the style of an ablation study.

e V-CER (constrained experience replay) imposes
constraints on the ridge regression for ER that enforce
structural properties of the value function (Online
Appendix D).

e V-TD (temporal difference) only uses TD updates;
that is, we eliminate line 15 in Algorithm 1.

We test all combinations of the approaches listed
above, resulting in 3-5 =15 policies. We refer to the
policies by 1 with the demand control abbreviation in
superscript and allocation in subscript, for example,
V—ER

DL

To determine the virtual capacity Qf, we perform 50
iterations of Bayesian optimization (after generating 10
random samples for initialization) in each setting with
failed delivery penalty m € {2,3,4}. For m € {0, 00}, it is
straightforward to derive the optimal virtual capacity:

In case of m =0, we accept all incoming requests, that
is, Q¥ = o0, and with m = co, we prohibit overbooking,
that s, Qg* = Qs. Note that in the former case, we set the
virtual capacity to a sufficiently large number Qf = 100
in the simulations as the allocation decisions are based
on IPs that would otherwise become unbounded.

For the small instances, we compute the optimal pol-
icy " with relative value iteration (Puterman 1994).
We implemented all algorithms in Python 3.8 and
solved the IPs for the feasibility check, CFA, and VFA
features as well as the quadratic program for ER
with Gurobi 10.0.3. For BO, we used the package
hyperopt (Bergstra, Yamins, and Cox 2013). The experi-
ments were conducted on a server with two Intel Xeon
E7-8890 v3 processors (2.5 GHz, 18 cores) and 512 GB
RAM. On average, the feasibility check took 0.01 sec-
onds and the allocation decision 0.03 seconds. For
demand control, decision times range from instanta-
neous (FC) to up to 0.7 seconds (V-ER). Details on
hyperparameters are provided in Online Appendix F.

5.1.4. Metrics. We use eight metrics to derive manage-
rial insights into the policies” control behavior.

The first three metrics categorize demand control
decisions. Each metric represents a rate, calculated as
the number of requests (with a specific combination of
attributes, i.e., customer type, lead time, or parcel size)
that received a given type of decision divided by the
total number of requests (with those attributes).

o The acceptance rate (AC) refers to the percentage of
accepted requests.

o The feasibility rejection rate (FR) captures requests
rejected because of the feasibility check.

o The anticipatory rejection rate (AR) corresponds to
requests that are rejected despite being feasible.

The next three metrics characterize allocation deci-
sions based on the proportion of orders (with certain
attributes) that were allocated in a specific way out of
the total number of orders (with the same attributes).

o The exact fit rate (EF) reflects orders that are allo-
cated to a compartment equal to the parcel size.

o The feasibility upgrade rate (FU) indicates the per-
centage of orders upgraded to a larger compartment to
maintain feasibility. It is derived by determining the
number of upgrades that would result from BU (Sec-
tion 5.1.3) because this approach only upgrades if
strictly necessary.

o The anticipatory upgrade rate (AU) covers the
upgrades performed beyond those for feasibility.

In case of overbooking, we further refine the AC by
jointly considering demand control and allocation.

o The successful delivery rate (SD) regards the accepted
requests successfully delivered to the locker.

o The failed delivery rate (FD) concerns the accepted
requests where the locker delivery failed.
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Throughout the study, we report all metrics in per-
cent. Note that AC, FR, AR and EF, FU, AU always
sum to 100%, respectively, and that SD + FD = AC. In
case of no overbooking, FD = 0% and AC = SD.

We evaluate the metrics based on the entire state
space for the small instances. In case of the realistically
sized settings, we estimate the metrics with 30 ran-
domly generated instances. For the sake of compara-
bility, we consistently use the same 30 streams of
customer arrivals in each setting. Consequently, the
settings exclusively differ in the pickup behavior (due
to the different pickup probability distributions in
Table 2) and not in the sequence of incoming requests.
The policies start with an empty locker and no pend-
ing orders and complete a warm-up phase of 75 days
that are discarded to eliminate temporary effects
caused by the initial state. We calculate the metrics per
stream (consisting of 100 days after the warm-up) and
compute the average per setting. For aggregate results,
we subsequently average over all settings. We include
the standard deviation across the instances for metrics
reported per setting. To ensure that our study is repre-
sentative of the system’s steady state, we tested differ-
ent simulation horizons and verified that our results
remain stable.

5.1.5. Optimality Gap and Upper Bound. To assess per-
formance, we use two instruments. Firstly, we compute
the relative gap to the optimal policy 7* based on 30
small instances covering 100 days and a prior warm-up
phase of 75 days in Section 5.2. Instances with the same
total number of compartments only differ in the parcel
sizes as the distribution depends on the locker layout.
Secondly, we provide upper bounds on the successful
delivery rate SD in Section 5.5 using a full-information
benchmark (Online Appendix E).

5.2. Solution Quality

In settings without overbooking, we can gauge the pol-
icies” overall solution quality exclusively based on the
AC. In the subsequent sections, we delve into our main
findings.

5.2.1. Performance Assessment. Figure 3 depicts the
optimality gaps of the demand control approaches FC,
DLP, and V-ER relative to the optimal policy ©* across
various locker layouts (in combination with the best
allocation approach for each layout). The lookahead-
based DLP strictly dominates myopic FC, and our
method V-ER outperforms FC for the vast majority of
layouts (the only exception being (Qs, Qum) =(2,1)).
Interestingly, the DLP exhibits excellent performance
for configurations with up to three compartments but
loses its edge over V-ER with growing locker capacity,
hinting at limited scalability. For layouts with a total of
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five or more compartments, V-ER consistently achieves
the lowest gaps.

To evaluate performance in the large instances with-
out overbooking, we report the average improvement
compared with the best-performing myopic approach
7if§ in Figure 4 together with the 99% confidence inter-
vals. Overall, the results support our hypothesis that
demand control is the stronger lever for improvement.
We identify 7)) ER as the best policy with a statistically
significant average improvement of 3.4%.

Note that from a practical viewpoint, even seemingly
modest gains in the acceptance rate are meaningful.

e Projected to one year, 7)), ER accepts 4,959 requests
on average per setting compared with 4,795 by nfS.
Although our study focuses on a single locker, our
approach can be deployed across entire networks with
substantial throughput in absolute terms. To illustrate,
InPost operates more than 10,000 lockers in the United
Kingdom, where lockers processed 87 million deliver-
ies in 2024 (Retail Economics and InPost 2025).

o The costs of acceptance and rejection are highly
asymmetric. On the one hand, an additional locker
delivery entails negligible operational costs. On the
other hand, besides causing dissatisfaction, rejections
may result in the customer selecting a more costly

Figure 4. Improvement over Myopic Benchmark
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option such as home delivery or entirely abandoning
the purchase. According to a survey, 48% of online
shoppers frequently abandon their baskets because of
delivery options (DHL 2024). In summary, each addi-
tionally served customer spares the provider from the
potentially severe ramifications of rejecting a request at
basically no cost (the only negative effect of an accep-
tance decision being the potential displacement of
future requests).

5.2.2. VFA Variants. Regarding the tested VFA var-
iants, Figure 4 shows that if we solely rely on TD
updates (V-TD), the policies struggle to outperform the
benchmarks. For capacity window-based allocation
(DL and LD), the approaches with ER (V-CER and V-
ER) lead to substantial performance improvements.
Enforcing structure in the value function (V-CER) gen-
erated further improvements in pretests with additional
customer priority weights. However, for the considered
settings, we declare 71y, ER as the best policy.

To explain the superior performance with ER, recall
that the VFA features are calculated based on sample
realizations of pickups. This introduces randomness
into the mapping of postdecision states to features. ER
updates help to alleviate any destabilizing effects that
might arise from our feature design. Remarkably, this
observation does not hold for BU. To get to the bottom
of this, we highlight two key differences. Firstly, DL
and LD involve lexicographic optimization, reducing
the likelihood of a nonunique tentative allocation plan.
By contrast, there might regularly exist multiple plans
for BU, adding a second source of randomness to the
state feature mapping. Secondly, DL and LD are more
well aligned with the VFA features because they are
based on capacity windows. Our findings indicate that
the solution framework must take into account interde-
pendencies between decision types. This holds in both

directions: Allocation must match demand control
(VFA performs better when combined with DL or LD)
and vice versa, demand control must match allocation.
To illustrate this, we performed pretests with differing
objectives for the VFA features and allocation. The
results showed that performance deteriorates drasti-
cally; that is, the VFA cannot handle strongly differing
objectives for feature calculation and allocation even if
trained on it.

5.3. Characterization of the Optimal Policy

To gain a better understanding of the optimal policy’s
decision making across different regions of the state
space, we take a closer look at 7* for locker layout
(Qs,Qm) =(1,1). For this purpose, we introduce an
aggregate representation of the predecision states. More
precisely, we use the number of orders currently in the
system per (compartment) size to represent a predeci-
sion state Sy with Qi(S) = X cced s Oy + XoceeXner L
for all i € D. This allows us to group states according to
their aggregate representation. Inspired by Fleckenstein
et al. (2025), we compute the metrics per group and dis-
play them in heat maps.

Figure 5 depicts the demand control metrics for differ-
ent request types. Each metric entails six plots where the
rows correspond to the parcel size and the columns to
the lead time of the newly arrived request, for which we
analyze the demand control decision. Because we con-
sider two compartment sizes, the states are represented
by Qgs(Sx) and Q(Sk), resulting in two-dimensional
heat maps. Analogously, Figure 6 illustrates the alloca-
tion metrics. Our analysis is organized into four parts,
which we present in the following.

5.3.1. Lead Time. A column-wise comparison of the
plots shows that the AC tends to be highest for a lead
time of e = 1 day. Additionally, the AC of small parcels

Figure 5. (Color online) Demand Control Metrics of the Optimal Policy r*
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Figure 6. (Color online) Allocation Metrics of the Optimal
Policy 7
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with e = 2 exceeds its counterpart for e = 3 in the major-
ity of cases. Simultaneously, the FR is lowest for e =3
because most of the demand for the desired delivery
date is yet to come at the time of the request’s arrival.
By contrast, ¢ = 2 exhibits a high FR because of compat-
ibility issues: Because of the maximum storage time
B =2, requests with e=2 cannot be assigned to the
same compartment as orders with remaining fulfill-
ment time f =1 or f = 3 in the tentative allocation plan.
For medium-sized parcels, this is exacerbated by the
lack of upgrading possibilities. Filling the gap between
AC and FR, the AR peaks for e = 3 and declines with a
decreasing lead time, equaling 0% for all states at lead
time e = 1. We trace our findings back to two reasons:
Firstly, by preferring a short lead time of ¢ = 1, the opti-
mal policy avoids committing to orders early (espe-
cially with larger parcels since they are eligible for
fewer compartments). Secondly, orders with high lead
times remain longer in the system and may thereby
impact the feasibility check of many subsequent
requests, rendering them less desirable.

5.3.2. Parcel Size. Comparing the first and second row
of plots, we find that the AC of the optimal policy 7*
declines with increasing parcel size. We attribute
this phenomenon to two causes. Firstly, requests with
larger parcels are less likely to be feasible because of a
lower number of compatible compartments, resulting
in a higher FR. Secondly, as shown in Property 1, a
request’s opportunity cost rises monotonically with
its parcel size. Higher opportunity costs reduce the
chances that Inequality (12) holds, thereby leading to
an anticipatory rejection. Note that the AR of size M
parcels does not necessarily exceed the one for small
parcels throughout the entire state space due to the
already high FR of the former.

5.3.3. System Load. In general, the AC tends to increase
with a decreasing number of orders in the system, that
is, toward the bottom left corner of the plots, because
capacity is less scarce in these regions of the state space.
However, there are notable exceptions for lead time
e =23, especially in combination with a medium-sized

parcel: If there are no orders in the system, the AC equals
0%. By contrast, if the number of existing orders grows,
the AC also tends to become larger, which might appear
counterintuitive at first glance. The rationale behind this
pattern goes as follows: A completely empty system
represents ideal conditions where the policy is compara-
tively picky about which requests it accepts, yielding a
high AR for size M parcels with ¢ = 3. In a less desirable
state with a higher system load, the policy becomes more
inclined to accept generally unfavorable requests. More
specifically, existing orders can create gaps in the tenta-
tive allocation plan (similar to the observations in Prop-
erty 2) such that an otherwise undesirable request fits
well, making it more attractive.

5.3.4. Upgrades. As expected, Figure 6 shows that
upgrades only occur if the number of upgradeable
orders is sufficiently high. In case of a substantial
amount of small orders, upgrading becomes necessary
to maintain feasibility. The optimal policy performs
anticipatory upgrades in two specific predecision states.
The first one resembles the example from Property 2.
The second state involves an empty locker, a small
pending order with f =2, and one small order to be
allocated. The optimal policy upgrades the latter to the
medium-sized compartment such that the small one is
guaranteed to be available in the next allocation deci-
sion. Otherwise, it might be forced to grant a feasibility
upgrade in the subsequent allocation decision, which
would potentially block the more valuable medium-
sized compartment until a later point in time.

5.4. Policy Characterization Under
Heterogeneous Pickup Behavior
Mirroring the previous section, we characterize the

decision making of our approach YR as well as the

benchmarks 7if'§ and 7PLP to investigate the impact of

differences in pickup speed between customer types.

5.4.1. Setting. Table 3 presents the demand control
metrics of the investigated policies per setting (with the
standard deviations in brackets). In line with our find-
ings from Section 5.2, ;R consistently achieves the
highest AC. The improvement over 7i[§ and 7P5P is
statistically significant at the 1% significance level and
ranges between 2.2% and 3.9%. Its extent clearly
depends on the setting: If the customer types are identi-
cal (id), individual requests merely differ in the parcel
size and lead time, such that the displacement effects
and hence the demand management potential are com-
paratively low. The more pronounced the difference in
how valuable customer types are due to their pickup
behavior, the more worthwhile our approach becomes.

By design, 7t always leads to an AR of 0%. Simi-

larly, PP exhibits a low AR, which we explain as
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Table 3. Demand Control Metrics

id pf pu
S AC 73.4 (1.0) 73.0 (1.1) 72.7 (1.1)
FR 26.6 (1.0) 27.0 (1.1) 27 3 (1.1)
AR 0.0 (0.0) 0.0 (0.0) 0 (0.0)
noLP AC 73.7 (1.0) 73.4 (1.0 73.3 (1.1)
FR 25.7 (1.0) 25.9 (1.0) 5 8 (1.1)
AR 0.6 (0.2) 0.7 (0.3) 9 (0.3)
R AC 75.3 (1.0) 75.8 (0.9) 75.5 (0.8)
FR 17.8 (1.4) 16.7 (1.4) 12.7 (1.5)
AR 6.9 (0.9) 7.5 (0.9) 11.8 (1.2)

follows: The DLP largely ignores the effects of stochas-
tic information realizing over time. Crucially, it neglects
the impact of the feasibility check and consequently suf-
fers from a systematic underestimation of opportunity
cost. In comparison, our policy 7)), R can capture the
downstream impact of a decision in the DPLDMP more
accurately and makes by far the most use of anticipa-
tory rejections, yielding a substantially more active
steering of demand. The aggressiveness of its control
behavior intensifies from id to pu.

5.4.2. Customer Type. To further shed light on the pol-
icies, we report the demand control metrics per cus-
tomer type and setting in Table 4. Because 7f§ equals a
first-come-first-served policy, its AC for standard cus-
tomers is considerably higher than for premium custo-
mers, who arrive on short notice and consequently
experience an elevated FR. Furthermore, the AC of
standard customers remains stable across the three
pickup distributions. The declining pickup speed of
this customer type reduces the available capacity and
increases the chances for infeasibility, resulting in a
growing FR for premium customers.

By contrast, 7)) ER actively reserves capacity for pre-
mium customers, leading to a generally higher AC for
these customers than the other policies. Comparing the
three policies, we observe that 7)), ER generates a sub-
stantial rise in the AC for premium customers, whereas

Table 4. Demand Control Metrics per Customer Type

the decline for standard customers is relatively moder-
ate. If the premium customers become more attractive
due to their pickup behavior, the balance shifts increas-
ingly in favor of them due to a boost in the AR for stan-
dard customers and a simultaneous decline in the AR
for premium customers. The AR of 25 follows a simi-
lar pattern as 7)) ®R, but much less pronounced. As
a result, its metrics barely differ from those of 7f$
Table 3 demonstrates that 7 *} is the only policy that
benefits from exploiting the quicker pickup speed of
premium customers in pf and pu.

5.4.3. Lead Time. Digging deeper, we next analyze the
impact of the lead time e for standard customers in
Table 5. The first-come-first-served nature of 7wt
becomes evident with an AC of about 100% for longer
lead times that sharply declines for e € {1,2,3} due to a
rising FR. By contrast, 7); EX reduces the AC for longer
lead times and mstead favors requests with e=1,
mimicking the optimal policy 7* (Section 5.3.1). More
precisely, 7Y ER aims to maintain flexibility by not com-
mitting too early to standard customers and instead
reserves capacity for premium customers. However,
reserving capacity for premium customers too aggres-
sively means foregoing rewards from accepting standard
customers. Consequently, the policy fills up remaining
capacity with standard customers once it gets more
information on the arrival of premium customers. From
id to pu, the ACs of 7}); ER shrink because the decreased
pickup speed erodes the appeal of accepting standard
customers. In principle, D5F also replicates the tendency
of " toward short lead times but again performs antici-
patory rejections only sparingly.

5.4.4. Parcel Size. In Table 6, we investigate the demand
control metrics per customer type and parcel size. For
all policies, the AC drops with increasing parcel size.
This is to be expected given that larger parcels fit less
compartments, leading to an increased FR. Matching
our previous findings, S and 7PLP produce lower

ACs for premium than for standard customers across all

id pf pu
Premium Standard Premium Standard Premium Standard
s AC 59.9 80.1 59.0 80.0 58.8 79.8
FR 40.1 19.9 41.0 20.0 41.2 20.2
AR 0.0 0.0 0.0 0.0 0.0 0.0
nPEP AC 61.2 80.0 60.1 80.0 60.6 79.7
FR 38.8 19.2 39.9 18.9 39.4 19.0
AR 0.0 0.8 0.0 1.1 0.0 1.3
LR AC 69.2 78.3 72.6 774 79.5 73.5
FR 279 12.8 26.5 11.7 20.0 8.9
AR 2.9 8.9 0.9 10.9 0.5 17.6




Downloaded from informs.org by [216.73.216.163] on 28 August 2026, at 21:06 . For personal use only, all rights reserved.

Sailer, Klein, and Steinhardt: Dynamic Demand Management for Parcel Lockers

Transportation Science, Articles in Advance, pp. 1-25, © 2026 The Author(s) 21
Table 5. Demand Control Metrics per Lead Time
id pf pu
Standard Standard Standard
1 2 3 4 5 1 3 4 5 1 2 3 4 5
T(E% AC 60.1 63.5 85.0 99.0 100 59.8 62.8 85.3 98.9 99.9 58.7 62.5 85.3 98.9 99.9

FR 39.9 36.5 15.0 1.0 0.0 40.2 37.2 14.7 1.1 0.1 413 37.5 14.7 1.1 0.1

AR 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

noLP AC 60.6 64.6 85.0 97.2 98.9 61.1 64.2 85.2 96.9 99.0 60.5 63.8 85.1 96.4 99.0
FR 39.4 35.3 14.0 0.8 0.0 38.9 35.7 13.3 0.6 0.1 39.5 36.1 13.1 0.6 0.0

AR 0.0 0.1 1.0 2.0 1.1 0.0

0.1 1.5 25 0.9 0.0 0.1 1.8 3.0 1.0

T ER AC 69.8 65.7 78.5 92.4 91.5 68.7 66.2 78.8 89.4 88.1 65.0 55.0 75.7 90.0 87.3
FR 27.2 24.7 8.0 0.1 0.0 25.6 23.3 6.8 0.0 0.0 19.7 17.0 5.5 0.0 0.0
AR 3.0 9.6 13.5 7.5 8.5 57 10.5 14.4 10.6 11.9 15.3 28.0 18.8 10.0 12.7

parcel sizes. By comparison, 7)), R drastically raises the
AC for premium customers, especially for medium- and
large-sized parcels, with the intensity again depending
on how attractive premium customers are compared
with standard customers. Clearly, the policy is able to
trade off the higher opportunity cost of larger parcels
(Property 1) with the pickup speed of the customer type
and hence distinguishes between standard and pre-
mium customers. Remarkably, the AC for small parcels
of standard customers under 7y ¥R is higher than for
the other policies. This shows that 7, *R maintains flexi-
bility not only through controlling lead times, but also
by favoring small parcels from standard customers.
Overall, Table 6 illustrates that standard customers with
large parcels mainly “pay the price” for the superior
performance of m)[ER in the form of a substantially
reduced AC. As before, 25" shows a similar structure
in its AR but rejects feasible requests only reluctantly.

5.4.5. System Load. Inspired by Section 5.3.3, we
examine the policies” control behavior across regions of
the predecision state space. Given that 7' acts like a

first-come-first-served policy and that nP5" follows a

Table 6. Demand Control Metrics per Parcel Size

very passive approach to demand management, they
display the superficially intuitive logic of a diminishing
AC with an increasing number of orders in the system.
Notably, our approach m); R is the only of the three
policies where some request characteristics, namely a
lead time of four or more days, exhibit a perceptible
pattern of the AC growing with the system load, analo-
gous to the behavior of the optimal policy. To illustrate,
we plot the AC of )i *R for standard requests with
lead time ¢ = 4 in setting pf in Figure 7. We observe an
increase in the AC especially with a rising number of
size L orders in the system.

5.4.6. Upgrades. In Table 7, we summarize the alloca-
tion metrics. Because each of the three policies performs
its allocation decisions based on capacity windows,
they all harness anticipatory upgrades to some degree
with AU generally dominating FU. Drawing on our
findings from the optimal policy in Section 5.3.4, we
know that feasibility upgrades mostly occur in regions
of the state space where the number of upgradeable
orders is substantial. However, the metrics for the large
instances only cover the parts of the state space that

id

pf pu

Premium Standard

Premium

Standard Premium Standard

S M L S M L S M

L S M L S M L S M L

S AC 736 538 316 882 776 614 725 530
FR 264 462 684 11.8 224 386 275 470
AR 0.0 0.0 00 00 00 00 00 00

nPLP AC 746 548 336 881 777 605 736 542
FR 254 452 664 114 215 375 264 458
AR 0.0 0.0 0.0 0.5 0.8 2.0 0.0 0.0

™ AC 790 668 446 91.1 843 291 795 68.6
FR 209 328 388 89 152 190 205 313
AR 01 04 166 00 05 519 00 01

308 882 776 606 723 527 306 879 775 603
69.2 118 224 394 277 473 694 121 225 397
00 00 00 00 0.0 0.0 0.0 0.0 0.0 0.0

319 881 779 604 739 547 329 880 771 60.3
68.1 114 211 367 261 453 671 114 216 364
0.0 0.5 1.0 29 0.0 0.0 0.0 0.6 1.3 3.3

599 915 854 198 838 773 711 931 729 17.0
35.0 85 138 173 16.0 222 274 6.7 101 132
5.1 0.0 0.8 629 0.2 0.5 1.5 02 170 698
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Figure 7. (Color online) Acceptance Rate of 7))y E® for Lead
Time e = 4 Days in Setting pf

100

Orders of size L

Note. For the sake of visual clarity, the number of orders per compart-
ment size is aggregated in steps of two, and we only display areas
with at least three corresponding states visited.

were actually visited during the simulated customer
streams instead of its entirety. Consequently, rather
extreme regions with a high FU may be underrepre-
sented. Additionally, an inherently high AU may auto-
matically contribute to a lower FU. Comparing the
three policies, 7)), *R has a consistently higher propen-
sity to perform upgrades. This matches our observa-
tions from Section 5.4.4: The policy favors small parcels
and shuns large parcels of standard customers, which is
amplified by differences in pickup speed. On a more
granular level, Table 8 provides the allocation metrics
per compartment size. Small compartments are only
compatible with exactly fitting parcels, leading to an EF
of 100%. Notably, only about half of the parcels allo-
cated to large compartments under 7)), ER are in fact
large. Anticipatory upgrades represent a sizable portion
of these allocations, both in comparison with the other
compartment sizes and policies.

5.5. Overbooking

To conclude our computational study, we extend our
analysis to overbooking. First, we reconsider pickup
distribution id and expand its results. Second, we
examine the interplay with the scarcity of capacity.

Table 8. Allocation Metrics per Compartment Size

Table 7. Allocation Metrics

id pf pu
s EF 93.6 (1.1) 93.5 (1.1) 93.4 (1.2)
FU 1.2 (0.9) 1.3 (0.9) 1.4 (1.0)
AU 5.3 (0.4) 5.2 (0.4) 5.2 (0.3)
noLP EF 93.3 (1.1) 93.4 (1.1) 93.3 (1.1)
FU 1.2 (0.9) 1.3 (0.9) 1.4 (0.9)
AU 5.4 (0.3) 5.3 (0.3) 5.3 (0.3)
R EF 90.5 (1.2) 89.7 (1.0) 89.5 (1.2)
FU 2.2 (1.0) 2.4 (0.8) 2.7 (0.9)
AU 7.3 (0.4) 7.8 (0.4) 7.9 (0.4)

5.5.1. Extension of Previous Results. Judging the
solution quality in the context of overbooking requires
a more intricate investigation because of two conflict-
ing objectives: One the one hand, the provider would
like to maximize the successful delivery rate (SD),
whereas, on the other hand, keeping the failed delivery
rate (FD) as low as possible. Instead of a single optimal
solution, there exists a Pareto front that the decision
maker can explore by varying the failed delivery penalty
m. We present our results for the best-performing policy
setup, that is, V-ER in combination with a setting-
dependent allocation approach, in Table 9. Apart from
the metrics, we include the gap to the upper bound SD
and the virtual capacity Q°.

Column m = oo equals our results from the preceding
section. The conservative choice of Qf = Qs ensures
that failed deliveries do not occur at all. However, this
comes at quite a high price for SD, which is reflected in
the noticeable gap to SD. On the opposite end of the
spectrum, column m =0 represents the other extreme
where the provider simply accepts every incoming
request. This strategy generates a markedly higher SD
with a strikingly lower gap to SD but comes at the cost
of about 8.7% of deliveries failing. Varying m opens the
door to a range of potential strategies for the provider.
With m =2, we observe a slight reduction of the SD
compared with m =0 but can cut the FD in half. This
development continues for m =3 and levels out for
m = 4. Our approach of optimizing the virtual capacity

id pf pu
S M L S M L S M L
s EF 100.0 89.6 79.8 100.0 89.7 79.3 100.0 89.7 78.7
FU 0.0 1.5 45 0.0 1.7 5.1 0.0 1.8 5.0
AU 0.0 8.8 15.6 0.0 8.7 15.6 0.0 8.4 16.3
nPsP EF 100.0 89.6 78.7 100.0 89.5 79.1 100.0 89.3 78.7
FU 0.0 1.6 4.7 0.0 1.8 4.6 0.0 2.1 4.6
AU 0.0 8.8 16.6 0.0 8.7 16.3 0.0 8.5 16.6
LR EF 100.0 90.3 55.3 100.0 90.3 51.4 100.0 86.8 56.3
FU 0.0 28 8.8 0.0 32 9.2 0.0 49 7.0
AU 0.0 6.9 35.9 0.0 6.5 39.4 0.0 8.2 36.6
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Table 9. Overbooking Metrics for Setting id

Penalty m 0 2 3 4 o0

AC 100 (0.0) 93.5 (0.8) 90.2 (1.0) 90.2 (1.0) 73.3 (0.7)
SD 91.3 (0.8) 89.4 (0.9) 87.6 (0.8) 87.6 (0.8) 73.3 (0.7)
FD 8.7 (0.8) 4.1 (0.5) 2.6 (0.4) 2.6 (0.4) 0.0 (0.0)
Gap to SD 2.5 (0.4) 4.7 (0.5) 6.9 (0.7) 6.9 (0.7) 23.7 (1.1)
QY 0 (19,11,9) (20,11,7) (20,11,7) (15,10,5)

for a given penalty enables the provider to close the gap
to SD while simultaneously determining an acceptable
level for FD. At the end of the day, this boils down to a
managerial decision.

5.5.2. Impact of Scarcity. To understand how different
levels of scarcity influence the effectiveness of over-
booking, we consider two rather extreme scenarios for
the pickup probability distributions where all custo-
mers either collect their parcels very promptly (idf) or
slowly (ids) with high certainty. Table 10 reveals that if
the pickup speed is generally fast, overbooking allows
the provider to serve nearly all requests successfully
and achieve remarkably low gaps to the upper bound
SD. Because capacity is less scarce, only a small fraction
of deliveries fails. Nevertheless, optimizing the virtual
capacity enables the provider to lower the FD by 37%
for m =3 compared with m =0, entailing only a tiny
reduction in the SD. This illustrates the merit of our
approach to optimize the virtual capacity for varying
penalties. Under extremely slow pickups, there is no
benefit to overbooking as the worst-case assumption
is a quite accurate representation of actual customer
behavior. The SD is drastically reduced compared with
the other scenarios, illustrating that incentivizing cus-
tomers to a prompt pickup is a promising lever to
increase the throughput of the system.

6. Conclusion and Outlook

This paper introduces a novel problem to dynamically
manage the demand for parcel lockers. Its distinguish-
ing features are uncertain resource usage durations in
combination with an “upgrading” mechanism due to
different compartment sizes and a generalization to
overbooking. We develop a solution framework that
handles the interdependencies between two decision

Table 10. Metrics for Settings with Extreme Pickup Behavior

types arising at different points in time. As a general
methodological contribution, we augment the VFA
training process with a modified version of ER. In the
style of an ablation study, we quantify the resulting per-
formance contribution: Although pure temporal differ-
ence updates lead to a performance improvement of
1.3% compared with the myopic benchmark, incorpo-
rating ER yields an improvement of 3.4%.

The large throughput of real-world locker networks
and a highly asymmetric cost structure of the demand
control decision underline the practical significance of
increased acceptance rates. From a managerial perspec-
tive, our results show that the performance gains of our
policy increase with the heterogeneity of customer
types. These improvements mainly result from reserv-
ing capacity for customers with a fast pickup speed
and preserving flexibility by favoring small parcels and
short lead times. However, we also show that certain
requests (large parcels of customers with slow pickup
speed) get rejected disproportionately often.

We demonstrate that fully preventing failed locker
deliveries immensely affects the acceptance rate. With
overbooking, the provider can strike a balance between
rejected requests and failed deliveries. Our results indi-
cate that a slight increase in failed deliveries already
generates a substantial rise in the number of served cus-
tomers. Conversely, our method of optimizing virtual
capacity produces a notable reduction in failed deliver-
ies at the expense of only slightly fewer served custo-
mers compared with simply accepting all requests.

Concluding our work, we identify several promising
areas for future research:

e Overbooking. Our work sheds light on an intricate
tradeoff between rejected requests and failed deliver-
ies. This necessitates a managerial decision where the
acceptable degree of overbooking must be calibrated

idf ids
0 2 3 4 0 2 3 4 0
AC 100 (0.0)  99.6 (02)  99.1 (04) 99.1 (04) 79.8(1.0) 100 (0.0) 55.1 (0.5 55.1(0.5) 55.1(0.5) 55.1 (0.5)
SD 989 (0.3) 987 (0.3) 984 (04) 984 (04) 79.8(L0) 56.7(05) 551 (0.5 55.1(05) 55.1(0.5) 55.1(0.5)
FD 1.1 (0.3) 0902 0702 0702 0000 43305  00(0.0) 0000  00(0.0) 0.0 (0.0)
GaptoSD 0.0 (0.1) 02(0.1) 0502 0502 240(L6) 2107 5109 5109 5109 5109
Q° 00 (20,18,10)  (21,16,9) (21,16,9)  (15,10,5) 0 (15,10,5)  (15,10,5) (15,10,5) (15,10,5)
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carefully, presenting an intriguing starting point for
future work.

e Fairness. Our results indicate that demand man-
agement may systematically disadvantage certain cus-
tomer groups. To mitigate this, future work could
investigate fairness measures, for example, by intro-
ducing weighting factors for larger parcels.

e Planning levels. The insights gained from our oper-
ational perspective could be incorporated into strategic
problems, such as location planning (Mancini, Gan-
sterer, and Triki 2023).

e Business models. Many questions pertaining to spe-
cific business models remain unexplored. For exam-
ple, a mobile locker provider offering both home and
locker delivery (Kotschau, Soeftker, and Ehmke 2023)
should consider demand management and routing
integratively.
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