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Abstract. Restaurant meal delivery has been rapidly growing in the last few years. The
main operational challenges are the temporally and spatially dispersed stochastic demand
that arrives from customers all over town as well as the customers’ expectation of timely and
fresh delivery. To overcome these challenges, a new business concept emerged: ghost kitch-
ens. This concept proposes synchronized food preparation of several restaurants in a central
facility. Ghost kitchens can bring several advantages, such as fresher food because of the syn-
chronization of food preparation and delivery and less delay because of the consolidated
delivery of orders. Exploiting these advantages requires effective operational strategies for
the dynamic scheduling of food preparation and delivery. The goal of this paper is providing
these strategies and investigating the value of ghost kitchens. We model the problem as a
sequential decision process. For the complex decision space of scheduling order prepara-
tions, consolidating orders to trips, and scheduling trip departures, we propose a large
neighborhood search (LNS) procedure based on partial decisions and driven by analytical
properties. Within the LNS, decisions are evaluated via a value function approximation,
enabling anticipatory and real-time decision making. In a comprehensive computational
study, we demonstrate the effectiveness of our method compared with benchmark policies
and highlight the advantages of ghost kitchens compared with conventional meal delivery.
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1. Introduction

With these challenges in mind, new business concepts

The demand for restaurant meal delivery is booming.
More and more people order food online and expect a
fast and fresh delivery at low cost. The high expectations
are often not met in practice, and customers complain
about long waits and cold food. At the same time, res-
taurants and delivery platforms struggle to become
profitable with meal delivery. One reason is the limited
consolidation potential of orders. Customer orders come
in over time from locations all over the city. Restaurants
are distributed all over the city as well. Another reason
is the limited synchronization between food preparation
and delivery routing. Restaurants often serve dine-in
customers too and are unable to perfectly synchronize
preparation of online orders with their pickup time. In
combination, delivery resources are often used ineffec-
tively, and customers experience late and cold food.
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emerge, called ghost kitchens (and related dark kitchens
or cloud kitchens) (Shapiro 2023).

In this work, we define a ghost kitchen as a central
facility where several restaurants exclusively prepare
online orders that are distributed by a joint fleet of
vehicles. The ghost kitchen operates with a centralized
planning system for coordinating food preparation and
vehicle dispatching, communicating plans to cooks
and drivers in real-time via a kitchen display system
(KDS) and a driver app.

Having several restaurants in one place serving online
orders only and planning all operations centrally brings
many advantages. For each restaurant, the kitchens can
be designed and operated to allow fast and high-quality
processing of the online orders (Feldman, Frazelle, and
Swinney 2023). Because of the same origin of the food,
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delivery consolidation can be achieved. Finally, with cen-
tralized planning and real-time communication via KDS,
consolidation opportunities can be further increased, and
food can be ready right on time for delivery (Fresh KDS
2024). Thus, centralized planning can improve the food’s
freshness (measured by the difference between ready
time and time of delivery) compared with conventional
delivery, which has limited synchronization between dri-
vers and restaurants.

To exploit these advantages of ghost kitchens, an
effective operation of food preparation and vehicle dis-
patching is necessary to allow for fast and fresh delivery.
Delivery vehicles should be dispatched to customers in
the same neighborhood. This avoids long travel and
congestion of the delivery fleet. To make this possible,
the restaurants need to prepare the corresponding food
in a way that it is ready for delivery roughly about the
same time. Otherwise, at least one customer will receive
cold food. At the same time, the restaurant resources
should be used efficiently to avoid congestion of orders
and long waiting for the corresponding customers. This
leads to complex decisions about integrated order
sequences and vehicle dispatching with several con-
straints on freshness and synchronization. All this has to
be done in real time as more orders enter the system
every minute.

In this research, we propose strategies for the effec-
tive operations of ghost kitchens. We model the prob-
lem as a sequential decision process and demonstrate
that the search over the complex decision space of inte-
grated order scheduling and vehicle dispatching can be
replaced by a search over decision representations of
significantly reduced dimension. To further improve
the search, we embed a novel polynomial algorithm
that filters potential candidate decisions (of reduced
dimension) via analytical feasibility checks. Then, a full-
dimensional decision is generated if and only if feasibil-
ity is ensured. Our search over the reduced decision
space is performed by a novel large neighborhood
search (LNS). Within the LNS, decisions are evaluated
via value function approximation (VFA), enabling antic-
ipatory and instant, dynamic, real-time decisions. The
VFA is defined independently of the instance size. It is
trained on small instances and then transferred to larger
instances via transfer learning.

In our computational study, we show the effective-
ness of our strategy compared with several benchmark
strategies for a wide range of instance settings. We
demonstrate that all of our method’s components are
crucial to achieve effective ghost kitchen operations.
We highlight that a careful balance between cook and
vehicle resources is important by investigating chang-
ing ratios between cooks and vehicles and different
freshness constraint parameters. We further observe a
trade-off between freshness and delivery time: ensur-
ing fresh food requires more direct trips and reduces

flexibility in food preparation. Resources are used less
effectively, and the delivery of orders is delayed. We
also use our strategy to compare the concept of ghost
kitchens to conventional meal delivery systems with
several independently operating restaurants. For a clear
comparison, we assume that, also for conventional
delivery, the platform has full control of the drivers
even though in some business models drivers might be
partially crowdsourced. With our comparison, we show
that, for our instance settings, ghost kitchens improve
customer experience significantly by reducing delivery
times in ranges of 5%-56%, increasing freshness in
ranges of 5%-30%, and reducing the share of delayed
customers by 19%-38%. We further see a significant
reduction in vehicle travel of 4%-12%.

The contributions of our work are both problem- and
method-oriented. To our knowledge, we are the first to
analyze the operations of a new and innovative deliv-
ery concept that, compared with conventional meal
delivery systems, has many advantages, which can be
exploited via synchronization of the preparation and
dispatching tasks. We demonstrate these advantages in
our numerical study, in which improved key perfor-
mance indicators (KPIs) such as better food quality, fas-
ter speed of delivery, and reduced travel times are
presented. Based on these results, we present valuable
managerial insights when comparing the two delivery
concepts, analyzing decision making, and different
instance settings. Methodologically, our contribution
consists of first reducing the decision space to a signifi-
cantly lower number of viable candidate solutions by (i)
defining a novel reduced decision representation that
can be searched more easily than the original one; (ii)
reducing the number of candidate decisions even further
by filtering, based on analytical results, infeasible deci-
sions; and (iii) developing a novel LNS algorithm to
search the remaining decision space, whose search steps
are again based on analytical properties. Then, each can-
didate decision is evaluated via VFA, enabling the incor-
poration of its anticipated value instantly. In our
experiments, we highlight the value of this combination
and analyze the impact of balancing off-line training
effort with the online execution effort of the LNS. We
note that the integration of scheduling and routing is
rarely studied in a dynamic environment. Our method
has potential adaptability to related problems that
involve both scheduling and routing, such as order pick-
ing, dispatching, and dynamic production routing. In
these contexts, spanning production systems, logistics,
and meal delivery, scheduling tasks (e.g., order prepara-
tion or production) are closely linked with routing deci-
sions, both of which must adapt dynamically to
changing conditions (see Section 6).

The paper is organized as follows: Section 2 provides
the literature review focusing on meal delivery and
problems with combined scheduling and routing.
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Section 3 models the problem as a sequential decision
process. Section 4 presents our solution method. Sec-
tion 5 provides the computational study and comprises
an analysis of our policy and a comparison of the busi-
ness concepts. The paper concludes with Section 6,
which discusses the generality of our methodology as
well as its applicability to other methods and summa-
rize our work. The paper also provides additional
details in an online appendix.

2. Literature Review

Our work addresses the problem field of restaurant
meal delivery—its model requires dynamic scheduling
and routing—and the methodology designed to handle
a large and complex decision space under dynamic
and stochastic order arrival. Consequently, our research
draws from three key streams of literature:

(i) Meal delivery routing: This stream focuses on
strategies for efficiently routing orders from restaurants
to customers under dynamic conditions, often addres-
sing order consolidation and timely delivery.

(ii) Combined scheduling and routing: This area
studies the integration of scheduling tasks with routing
decisions, highlighting the importance of synchroniza-
tion across operations.

(iii) Methodologies: This stream surveys approaches
to search and evaluate large decision spaces in dynamic
problems.

In the following, we review the relevant literature in
these areas, highlighting their connection to ghost kitch-
ens and identifying the gaps our work seeks to address.

2.1. Problem: Meal Delivery Routing
Work on restaurant meal delivery has surged in recent
years, focusing on efficient and flexible routing strategies
to deliver meals from different restaurants to dynami-
cally requesting customers. Ghost kitchens, however,
present unique characteristics that are not addressed by
traditional meal delivery routing studies. These include
centralized meal preparation and the synchronization
between preparation and dispatching tasks. For exam-
ple, whereas early works by Reyes et al. (2018); Steever,
Karwan, and Murray (2019); Liu (2019); and Ulmer et al.
(2021) explore dynamic assignment of orders to vehicles,
they do not consider integrated preparation and delivery
operations or the centralized structure of ghost kitchens.
Similarly, Yildiz and Savelsbergh (2019) analyze bun-
dling strategies but focus on deterministic settings, which
do not capture the stochastic and dynamic nature of
ghost kitchens. The authors derive insights in the value of
bundling operations and give guidelines in demand
management and the scheduling of delivery vehicles.
Recently, first work on reinforcement learning was
proposed by Jahanshahi et al. (2022) to determine antic-
ipatory assignments and rejections of orders, that is,

learning the expected future revenue when a decision
is made. However, scheduling or routing decisions
were not considered. Other work on meal delivery
addresses arrival time predictions with the goal of pro-
viding accurate delivery time information to customers
(Hildebrandt and Ulmer 2022), the scheduling of the
workforce to ensure timely delivery without excessive
workforce cost (Dai and Liu 2020; Ulmer and Savels-
bergh 2020; Auad, Erera, and Savelsbergh 2024), or the
zoning of the service area with respect to current and
future demand (Ulmer, Erera, and Savelsbergh 2022;
Auad, Erera, and Savelsbergh 2023). However, none of
the considered studies analyzes ghost kitchens or con-
siders integrated scheduling and routing decisions. In
the problem addressed in this paper, we consider the
assignment and scheduling of orders in combination
with the vehicle dispatching.

To achieve efficiency (and sometimes feasibility) in
the overall process, decisions regarding order prepara-
tion and vehicle dispatching operations need to be coor-
dinated in an integrated and anticipatory fashion. In
ghost kitchens, this synchronization refers to aligning
preparation schedules with dispatching tasks to ensure
timely delivery, maintaining food quality. Whereas syn-
chronization in meal delivery has not been considered
in the literature yet, its importance in vehicle routing
problems is highlighted by Drexl (2012), who surveys
vehicle routing problems involving resource or task
synchronization, such as coordinating multiple vehicle
types or aligning delivery time windows.

2.2. Model: Combined Scheduling and Routing
From a modeling perspective, our problem may be con-
sidered as a combination of models for dynamic order
scheduling, which has been studied only in limited con-
texts. For example, Xu et al. (2016) and Zhao et al. (2018)
investigate dynamic scheduling under stochastic arri-
vals but do not consider downstream routing decisions.
Similarly, Klapp, Erera, and Toriello (2018) study
dynamic vehicle dispatching but without integrating
upstream scheduling operations. Ghost kitchens require
a more holistic approach because of the interdepen-
dence between preparation and delivery stages.
Integrated scheduling and routing has been explored
in static or deterministic settings as reviewed by Moons
et al. (2017). However, Zhang et al. (2019), Hossein Nia
Shavaki and Jolai (2021), and Liu et al. (2022) consider
online scenarios but assume simplified delivery mod-
els, such as predefined destinations or absence of rout-
ing complexity. Unlike these studies, ghost kitchens
demand real-time coordination between preparation
and delivery, making existing models insufficient for
this application. Motivating our benchmark policies,
Liu et al. (2022) propose an approximate dynamic pro-
gramming (DP) solution in which simple principles are
used to reduce the decision space, for example, shortest
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processing time in production and first in, first out
(FIFO) in delivery. Rijal, Bijvank, and de Koster (2023)
suggest integrated optimization of static and determin-
istic warehouse operations and delivery routing. Rijal,
Bijvank, and de Koster (2023) compare sequential and
integrated approaches and show the potential of joint
optimization.

To conclude, the integration of scheduling and rout-
ing is rarely explored in dynamic environments, parti-
cularly with anticipation of future order arrivals. Our
work addresses this gap by presenting a more general
setting relevant to the growing online delivery domain
and introducing one of the first anticipatory policies
that integrates scheduling and routing optimization.

2.3. Methodology: Search and Evaluation of
Complex Decision Spaces

The methodological contribution of our work is to
combine the search of a complex decision space with
an evaluation via VFA (also known as reinforcement
learning (RL)). Value function approximations (and RL
methods in general) repeatedly simulate the decision
process and store the observed values of decisions in
an aggregated form. The values are used for decision
making and updated over the simulation. As shown by
Hildebrandt, Thomas, and Ulmer (2023), past research
focuses on a comprehensive search either without an
explicit evaluation or with an explicit evaluation via RL
but only for a few potential decisions. However, there
are a few exceptions.

Rivera and Mes (2017, 2022) and Heinold, Meisel,
and Ulmer (2023) use RL to decide which freight to dis-
patch. The values are approximated via a linear func-
tion based on a set of postdecision state features. Mixed
integer programming is used for searching the decision
space. A similar concept is proposed by Silva, Pedroso,
and Viana (2023) to decide about assignments in urban
delivery. However, the approximations are based on a
neural net that is linearized such that mixed integer
programming can be applied. None of the works con-
siders more complex decision spaces or problems that
involve routing decisions with complex constraints.
Incorporating these features slows down the search
in the decision space, and it makes the VFA more
challenging.

Recently, Neria and Tzur (2024) propose using a
metaheuristic to search the decision space quickly and
evaluate decisions with a VFA. The general idea is sim-
ilar to our approach. However, whereas our works
share the general combination of metaheuristic and
VFA, our problem differs significantly from Neria and
Tzur (2024). Consequently, the design of both search
and evaluation methodologies are different. For our
problem, the decision space is very large, and finding
feasible decisions is a challenge. Therefore, we propose
an alternative decision formulation that reduces the

burden to determine a complete decision and allows
for fast feasibility checks based on a set of carefully
derived propositions. With the more complex decision
space and larger problem size, learning the values
becomes more challenging as well. Whereas the fast
search reduces the training time significantly, simulat-
ing systems of realistic size and learning the values is
still computationally expensive. Thus, we propose
transfer learning to train our policy on small instances
and then transfer our trained policy to realistic-sized
instances.

3. Problem Statement

In this section, we introduce the restaurant meal deliv-
ery problem with ghost kitchens (RMD-GK). First, we
describe the problem. Then, we illustrate the model’s
components with an example. Finally, we formally
define the problem as a sequential decision process.

3.1. Problem Description

A ghost kitchen is a facility for the sole purpose of pre-
paring delivery-only meals. It is partitioned into a set
of kitchens, each with dedicated cooks, and uses a joint
fleet of capacitated vehicles for delivery (e.g., cargo
bikes or delivery cars). Each kitchen is associated with
a fixed ghost restaurant that we refer to as a food type
and prepares only orders from that food type.

Over the course of the day, customers order food from
the restaurants. In our setting, each order includes only
one of the food types such that an entire order is pre-
pared in the kitchen of the associated ghost restaurant.
Each order has a known preparation time and a customer
location. Once an order is prepared, a vehicle picks up
the order and delivers it (immediately or after some wait-
ing time) to the respective customer with or without
other customer orders in the same trip. If orders are bun-
dled and more than one order is dispatched in the same
trip, the trip also captures the sequence of orders.

The scheduling of the orders in the restaurants and
the scheduling of the delivery vehicles is done by a cen-
tral information system. This system maintains and
updates a schedule over time. The schedule determines
for each restaurant which cook prepares which meal
order and when. We refer to this as the cook schedule. It
further decides about the bundling of orders to trips,
their assignment to vehicles, and the departure times of
each trip. We refer to this as the vehicle schedule. A
schedule is only feasible if each order’s freshness is guar-
anteed when the meal arrives at the customer. Thus, a
schedule must ensure for each order that the ready-to-
door time (i.e., the difference between the ready time of
the food at the restaurant and the arrival time at the cus-
tomer) does not exceed an order-specific duration. For
example, even when a cook is available, the starting
time of an order preparation may be postponed, if no
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vehicle is available to deliver it when the meal prepara-
tion is complete, until a fresh delivery can be guaran-
teed. Customers expect a fast delivery, ideally within
30 minutes after the order is placed. The goal of the plat-
form is to meet this expectation by minimizing the aver-
age excess of delivery time (delay) over all orders.

3.2. Example

In the following, we provide a small example to illus-
trate the RMD-GK and to introduce the logic that is
used in the modeling. For the ease of presentation, we
omit any notation and numbers. The example is shown
in Figure 1. On the top of the figure, a possible state of
the system is shown. The middle and bottom parts
depict the resulting system postdecision states for two
potential decisions. In the example, the schedules of
the numbered orders in the kitchens are depicted in the
large box on the left. There are two food types (German
and U.S.), each with one cook. In the depicted state,
five orders are shown in rectangular shapes. The width
of the shape indicates the preparation time for each
order. Orders currently in preparation are depicted by
the gray boxes, and the size of each gray box corre-
sponds to the remaining preparation time. Four of the
orders (1, 2, 3, 4) are already scheduled, and one order
is new (5). The orders 1, 2, and 5 belong to the first food
type (German), whereas the orders 2 and 4 belong to
the second food type (U.S.). Orders 1 and 2 are already
in preparation. The current scheduling of the orders is
(1, 3) and (2, 4) for the first and second food types,
respectively. The gap between the finish time of order 1
and the start time of order 3 is the result of the vehicle
departure plan, which we discuss next.

Figure 1. Example for a State and Two Potential Decisions

There are three vehicles (denoted by A, B, and C),
which are indicated by the three small squares with
soft corners. The hourglasses beside the vehicles indi-
cate that they are currently busy delivering orders. The
geographical locations of the orders are shown on the
right-hand side. In the depicted state, vehicle A is cur-
rently available, and vehicles B and C are out for deliv-
ery. Because the details of their current trips and
deliveries do not matter, they are not depicted in the
example. Only their return times matter, which are indi-
cated by the hourglasses near the vehicles. The gray
arrows depicted below the schedule indicate when vehi-
cles become available. Vehicle A just returned, and vehi-
cle B returns before vehicle C. The planned bundles and
trips for the vehicles are depicted on the right side of the
figure. Specifically, it is planned that vehicle A delivers
orders 2 and 1 once they are finished. This sequence
might be necessary to ensure freshness because the
preparation of order 2 finishes earlier than the prepara-
tion of order 1. Once vehicle B (C) returns, it is sched-
uled to deliver order 4 (3). Because vehicle C becomes
available later, the start of preparation of order 3 is post-
poned. The scheduled later returns of the vehicles are
depicted by the white arrows below the schedule.

In the middle and bottom parts of Figure 1, two
potential decisions are shown. Each decision integrates
the new order in a certain way and consequently
updates the preparation schedules, the bundles, and
the trips of the vehicles. According to the first decision,
the previous cook (or meal) preparation schedule
remains the same and order 5 is added to it in a FIFO
manner. The same is true for the vehicle schedule in
which order 5 is added as a direct trip by vehicle A.

State

Order in preparation

Scheduled order

Schedule new
® e
of| B X(c]

"t 8 foc0
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X Vehicle return time

ﬁ Current vehicle return
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This results in a second scheduled return for vehicle A.
An alternative decision is shown in the bottom part of
Figure 1, in which order 5 is inserted before order 3.
This allows for a joint delivery of orders 4 and 5, which
are geographically close, by vehicle B. To ensure feasi-
bility, the preparation of order 4 is slightly postponed.
Note that this decision causes a delay when order 3 is
delivered, indicated by the snail.

3.3. Sequential Decision Process

The RMD-GK is stochastic and dynamic. It is stochastic
as orders are unknown until they are placed, and their
realizations follow known probability distributions in
time and space. It is dynamic because decisions are
made repeatedly over time. We model the problem as a
sequential decision process.

We consider a capture phase [0,T¢] during which
orders are placed. We further define a longer operation
phase [0, T] with T > T sufficiently large to allow the
fulfillment of all placed orders. We denote the set of all
possible orders by I. Each order is associated with an
order time, a food type, a known preparation time, and
a customer location (the order’s destination). The food
types associated with orders are modeled via the set F.
Each food type has a corresponding freshness time
of,f € F, which corresponds to the maximum time
allowed for the meal order to be delivered at its desti-
nation after the meal is prepared. Furthermore, each
order should be delivered within a promised delivery
time 7 € R after order placement, and exceeding this
leads to a delay cost. The set of cooks is denoted by C
with subsets Crworking on food type f € F. The vehicles
are modeled via a set V. The vehicle capacity is mea-
sured as the maximum number of orders allowed to be
simultaneously carried by a vehicle and is denoted
by x € N. The travel time from the location of order i €
I1U {0} (or the ghost kitchen) to the location of order j €
I U {0} (or the ghost kitchen) is given by tf-j € Rso, where
location 0 denotes the location of the ghost kitchen.
Next, we present all elements of the sequential decision
process, following the modeling framework of Ulmer
etal. (2020).

3.3.1. Decision Points. A decision point k occurs when-
ever a new order is placed and at the end of the order
capture phase at time T° when no more orders will
arrive. As the realization of orders is stochastic, the num-
ber of decision points K is a random variable.

3.3.2. States. A state Sy € S comprises all information
relevant for decision making. We categorize the state
information according to order information, currently
planned cook schedules, and currently planned vehicle
schedules. First, we describe the order information.
Except for the final state Sk in T, a state contains a
new order. The new order in state S, at time t; is

denoted by ;. The set of open orders, that is, orders
that have been placed but have not yet left the ghost
kitchen for delivery, is denoted by I and includes
order i. Each order i € I; is represented by four vari-
ables indicating the food type f; € F of order i, the time
of day at which order i was placed t¢ € [0, T¢], the prep-
aration time of the corresponding meal # € Rs, and
the location of the order /;. In summary, each order i €
I is associated with (f;, ¢, tf ).

Second, we describe the currently planned cook
schedules. The cook schedules were decided in the last
decision point k — 1 and pruned in the transition to the
current state (see “Transition”). They include all orders
in I except the new order i. In state Sy, the currently
planned sequence of orders prepared by cook ce C
is given by ¢, =(i,15,...) C It \ {ix}. The set of all
preparation sequences is given by W ={i,.|c€ C}.
The planned time of day at which the preparation of
order i€\ {it} is started is denoted by t;; € [t},T],
where s is a symbol. The corresponding set is given by
t; = {t};li € I \ {ix}}. In summary, the state variables cor-
responding to the cook schedules are given by (W, t}).

Third, we describe the currently planned vehicle
schedules. Analogous to the cook schedules, the cur-
rently planned vehicle schedules were decided in the
last decision point and pruned in the transition to the
current state (see “Transition”). The schedules contain
all orders in I except the new order 7. The sequence of
trips performed by vehicle v € V' is denoted by O, =
(Brw1, Okea, - - -)- Each trip O € O, consists of a sequence
of orders (i,19,...) € It \ {it}. The set of all planned trip
sequences is given by Oy = {O,|v € V}. The planned
time of day at which trip 6 € ©; departs is denoted by
tZs € [, T], where d is a symbol. The set of all departure
times is denoted by ! = {t/,|0 € ©}. The (next) return
time of each vehicle v€V to the ghost kitchen is
denoted by t}_ € [ti, T] (r is a symbol), where its value is
either f; if the vehicle is idling or the return time from
its last trip that departed before ¢, (note that the trip
itself is not part of the state Si). The set of all vehicle
return times is given by t;. To summarize, we represent
a state as the tuple

Sk = (tk/Ik 7 \Pk/ tir ®kr tZ/ t]’;) (1)
~ e~ ——
Orders  Cooks Vehicles

3.3.3. Decisions. A decision x; € X(S;) is an update
xe = (W 7, ’k‘,tZ’x) on the current plan (W, £, O, tZ).
This update must integrate the new order i into the
current plan (except for the final state Sg in T°) but may
also change other parts of the plan. For example, it
might reassign and reschedule orders to cooks or vehi-
cles to adapt to changes in information. In general, an
update on the current plan is feasible only if

e Each order is scheduled for preparation and deliv-
ery by exactly one cook and one vehicle.
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e The freshness constraint is satisfied, that is, the
time between the end of preparation and scheduled
time of delivery of an order i is sufficiently small (i.e.,
less than 6y,).

e Already started preparations remain unchanged.

e Each order’s preparation finishes before its deliv-
ery trip departs.

e Only one order is prepared by a cook at a time.

e Each trip of a vehicle departs only after the return
from the previous trip.

e Vehicles satisfy the capacity constraint.

o Trips are elementary tours that start and end at the
ghost kitchen.

The freedom of modifying the previous schedule
combined with the various problem constraints yield a
complex decision space X(Si), which we model as a
mixed integer linear program in Online Appendix A.1.

3.3.4. Postdecision States. The postdecision state S €
S” represents the state directly after a decision is made
but before it transitions to the next state (i.e., before
the arrival of the next order i,1). Thus, given the state
Sy = (tk,Ik, Wi, 1,0, t,‘f, t) and the decision x; = (\I’k,

s,X @
ty

v Ot ) the postdec151on state is defined as S}
(tk/Ik/\pzr tk ’ k/tk /tZ)

3.3.5. Costs. The immediate cost D2 associated with
state Sy and decision x; = (W}, 1), Oy, £ 4 '¥) is given by
the marginal difference in cost of the old plan (W, £,
Oy, 1) and the updated plan (W}, ', ) (see Ulmer
et al 2020). The cost of a plan corresponds to the total
planned delay of the orders, that is, the delay that would
be observed when following the plan. Let D(®,t)
denote the total delay for a given plan (W, #,0, t1). We
define D according to

0] j-1
4y _ d t
D(®,t%) = E E max <0, th+ (lgzl ti,ori,“ﬂ) — 1t — ’C),

0eU@® j=1
2

where U® denotes the union of all sets of trips con-
tained in ©. In words, we sum over all trips of all vehi-
cles. For each trip, we compute the delay of each order
as the maximum of zero and the difference of the time
span from order placement to order arrival and the
promised delivery time . We define the marginal cost
(the immediate cost) D2 as

D2(Sk, xx) = D(OF, ™) — D(O, ). 3)

Note that the marginal cost can be negative in case the
delay of the new plan is smaller than the one of the pre-
vious plan. Furthermore, note that the sum of the mar-
ginal costs over all realized states coincides with the
sum of realized delays over all orders. In the special

case of the final state Sk in T¢, the process terminates
after the decision is made.

3.3.6. Stochastic Information. The stochastic informa-
tion Wiy € Q is given by the new order i, and corre-
sponding food type f,m, order placement time f; ,
meal preparation time tsz and order location [; .
There is a special case in which Wi, =0, that is, no
more orders are realized. In that case, the sequential
decision process moves to the final state T*.

3.3.7. Transition. The transition SM:SXXxQ— S
maps a state—decision tuple and stochastic information
to the next state Siy1 = SM(Sk, xx, Wit1). The current time
is updated to t,q =1 . The new set of open orders is
given by [ = U6€®x{l € Gltkg > try1} U {iks1}, that is,
all orders whose departure times are after t;,q. The
schedule of each cook ¢ € C is truncated to include only
orders in Ir,1. The new planned sequence of trips for
vehicle v € V is given by truncating trips 6 € O, with
tZ’G’Y < tr41. The return time of vehicle v € V' is updated
according to

oo =max |ty  max Kt 4 Dt
0O}, |ty <tin lor’

)

3.3.8. Objective. A mapping that assigns each state Sj
a decision 7t(Sk) = xy is called a policy and denoted by
nt € I1. Given an initial state Sy =(0,0,0,0,0,0,0), the
objective is to find an optimal policy 7" that minimizes
the expected sum of delay. This coincides with mini-
mizing the expected marginal costs over all decision
points when starting in Sy and applying policy ©
throughout the process:

mm E

Z DA(Sk, t(Sk)) | 501 ®)

k=0

4. Solution Method

In this section, we present our solution method. We
first give a motivation and an overview in Section 4.1
before defining the two main components: search (Sec-
tion 4.2) and evaluation (Section 4.3) in detail.

4.1. Motivation and Overview

The problem at hand requires fast and effective deci-
sions. The small example in Figure 1 already illustrates
the complexity of finding a feasible and effective deci-
sion for cook and vehicle schedules. Even for this small
example, the number of potential decisions is already
vast. Additionally, it is not clear which of the two deci-
sions shown in the example is more effective as it
depends on future orders and decisions. The first deci-
sion avoids delay now but binds more vehicle resources,
whereas the second decision causes a slight delay now,



Downloaded from informs.org by [132.66.51.94] on 01 April 2025, at 01:14 . For personal use only, all rights reserved.

440

Neria et al.: Ghost Kitchens
Transportation Science, 2025, vol. 59, no. 2, pp. 433-450, © 2024 INFORMS

but saves vehicle resources. The first decision might be
advantageous if the expected number of future orders is
small, whereas the latter decision becomes more effec-
tive in case many orders can be expected in the future.
Hence, the evaluation of a decision should anticipate
potential future delay when a specific decision is taken.
The two challenges of a thorough search of the decision
space and an anticipatory evaluation of decisions are
captured in the Bellman equation

7*(Sx) € argmin D™(Sy, x) + V(S}). (6)

x€X(Sk)
The Bellman equation defines an optimal decision
77*(Sk) from the set of overall decisions X(S;) in a state
S based on the (known) immediate cost D*(Si, x) and
the expected cost to go when taking a decision x. The
cost to go is modeled via the value function V, which
maps postdecision states Si to the expected future cost
V(S5):
K
VSH=E| > DSk, (Sk))ISF|- (7)
k'=k+1

Thus, finding an effective policy poses two main chal-
lenges. First, a comprehensive and runtime-efficient
search of the decision space, which requires solving
a complex combinatorial optimization problem, is
required, indicated by argmin,_y ) in the Bellman
equation. Second, the decisions need to be evaluated
instantly with respect to their immediate and future
impact with the latter represented by the (unknown)
value function V(S;) in the Bellman equation. We
address these challenges by combining an LNS of the
decision space driven by analytical insights with a
VFA tuned via transfer learning.

Specifically, we propose an LNS to search the deci-
sion space. Because the decision space is vast, a large
number of LNS iterations are required to search it thor-
oughly. However, many decision candidates turn out
infeasible in the end because of the capacity or fresh-
ness constraints and need to be discarded. To allow a
fast but thorough search and quickly identify infeasible
decision candidates, we base our LNS on a condensed
representation of a decision, that is, one that reduces
the decision space without loss of optimality. Within

the LNS, we search on condensed partial decisions,
that is, in which the planned sequence of orders at the
cooks and trips of vehicles is determined but their exact
timing is not. To determine feasibility and timing of the
corresponding (partial) sequencing decision, we propose
a polynomial algorithm, based on a dynamic program-
ming formulation and a set of analytical propositions.

To evaluate a feasible decision candidate, we propose
a VFA. The VFA approximates values V(S;) via repeated
simulations. Once the values are learned, decisions can
be evaluated instantly. For the VFA, a postdecision state
is represented by a set of features. As illustrated in the
example of Figure 1, the value depends on the resources’
availability and their balance (i.e., the workload distribu-
tion among the cooks and vehicles both individually
and relative to one another). Thus, we derive problem-
specific features accordingly. A final challenge of the
VFA is the runtime. Even though training can be done
off-line, the training requires large numbers of simula-
tions with many states and decisions via LNS. Thus, we
propose transfer learning, training on a smaller problem
size and then adapting the trained policy to larger size
instances via fine-tuning. As approximation architecture,
we rely on a neural network (NN). The general idea of
combining a neighborhood search with an NN-based
VFA was proposed by Neria and Tzur (2024).

As our method allows for an integrated optimization
of scheduling and routing, anticipating future orders,
we denote it anticipatory integrated (AI). The overall
procedure when a new order arrives to the system is
summarized in Figure 2. In a state, an initial (original)
decision is fed to the LNS as the current best decision.
Then, over a number of iterations, a new, partial (con-
densed) decision is generated by a set of operators. The
feasibility of the partial decision is checked, and if not
feasible, it is discarded, and a new partial decision is
generated. This is done by our proposed partial deci-
sion feasibility and timing (PDFT) algorithm. In case a
partial decision is feasible, the PDFT creates the full
(original) decision, and the value of the decision, pro-
vided by the stored approximated values, is compared
with the current best decision. In case the value is bet-
ter, the currently best found decision is updated. After
a given number of iterations, the procedure returns the

Figure 2. Overview of the Steps of Our Al Method in a Decision State

Large Neighborhood Search

Initial Input Decision

Decision Current Generate Check
Best | Partial |-l Feasiebcilit Ll CreaFe.FuII |_,| Compare

Best Output Decision Decision ¥ Decision Value Value

Decision
[ )
I if infeasible Approximated Values
update if better
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best found decision. This decision is then implemented
in the sequential decision process. In the following, we
describe the individual steps of the procedure in detail.

4.2. The Large Neighborhood Search

In this section, we describe our method to search the
decision space whenever a new order arrives in the sys-
tem and a decision needs to be made. We follow the
steps proposed in Figure 2. We first introduce the con-
densed decision representation and, building on it,
the notion of a partial decision. We describe the LNS
operators for the partial decision space. Finally, we pre-
sent the PDFT algorithm to check feasibility and create
the full decision.

4.2.1. A Condensed Representation of a Decision and
a Partial Decision. We start with a formal definition of
a condensed decision representation. To that end, we
denote by Iy = {i € I|f; =f} the set of open orders of
food type f € F. Recall that x; includes assignments of
orders to specific cooks and assignments of trips to spe-
cific vehicles. The idea of a condensed decision is to
combine together all orders that have the same food
type (all trips) instead of assigning each order to a spe-
cific cook of the respective food type (specific vehicle).

Definition 1 (Condensed Decision Representation). A
condensed decision representation of xj includes the
following components. For each food type f € F a
sequence of processing all orders in Iiris given by 4’k
(if1,if2, - - . ). The set of all preparahon sequences (for all
food types) is given by W} = {¢k
of trips to dispatch by all vehicles in V' is given by a sin-
gle vector e = (61,0,,...). The associated times t;*
and t, 4% to start each order and depart each trip, respec-
t1vely, remain as in the original decision representation
(see Section 3.3).

That is, P} replaces W in the original decision rep-
resentation by storing the sequences of processing all
orders by food types instead of by specific cooks. Sim-

ilarly, @,f replaces ©; in the original decision repre-
sentation by storing a sequence for all vehicles in V
instead of a sequence for each vehicle. Note that,
because the times to start each order and depart each
trip are identical for the original and its associated
condensed representations, they have the same cost.
We define a condensed decision to be feasible if there
exists an original feasible decision that induces the
condensed representation. With this representation,
we reduce the decision space by eliminating equiva-
lent decisions in W} and ©} (because of the homogene-
ity of cooks of the same food type and vehicles). For
the first decision in the small example in Figure 1, the
representation of the food type sequences is identical
to the cook schedule representations, that is, (1, 3, 5)

and (2, 4) for the German and U.S. food types, respec-
tively, because only one cook per food type is available.
The representation also contains the corresponding start
times for the orders (not explicitly stated in the exam-
ple). In contrast to the original representation, the vehi-
cle schedule would be represented as ((1,2), (4), (3),(5)),
again, with the corresponding departure times. Next,
we present definitions and claims that are used to prove
Theorem 1, that the condensed decision space also con-
tains an optimal decision.

Definition 2 (Symmetric Decisions). Given a state S,
two decisions x and x’ are symmetric if they include
the same set of trlps as well as the same sets of starting
times £* and #"* for orders and trips.

Two symmetrlc: decisions can only differ in the spe-
cific cook and vehicle assignments.

Claim 1 (Condensed Representation of Symmetric Deci-
sions). Given a state Sy, decisions are represented by the

same condensed decision representation if and only if they
are symmetric decisions.

Proof of Claim 1. This is immediately derived from
Definitions 1 and 2. O

Claim 2 (Symmetric Decision Costs). Given a state Sy, the
resulting postdecision states of symmetric decisions have
the same immediate cost and the same cost to go.

Proof of Claim 2. In each pair of symmetric decisions,
the starting preparation and departure times of all
orders and trips, respectively, are identical, and hence,
the arrival time of each order i € I; to the customer is
identical, that is, the total delay is the same (the imme-
diate cost). For the same reason, at each point of time
t > t, the number of available cooks of each food type
and the number of available vehicles is the same in
both postdecision states. As cooks and vehicles are
homogeneous and their indices are, therefore, inter-
changeable, the cost to go is also identical. O

Theorem 1. Given a state Sy, an optimal decision can be
found by searching over all (feasible) condensed decision repre-
sentations rather than over all original decision representations.

Proof of Theorem 1. Every original decision repre-
sentation has a corresponding condensed decision
representation, and every feasible condensed decision
is associated with a nonempty set of (feasible) original
decision representations. Thus, all original decision
representations are included in the search, and only
feasible original decision representations are consid-
ered. Moreover, all original representations that are
associated with the same condensed representation
are symmetric and have an equal immediate cost and
cost to go (Claims 1 and 2). O

Consequently, we use the condensed decision repre-
sentation in our search heuristic to reduce the decision
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space. Toward a further reduction of the decision
space, we next present the notion of a partial decision,
which reduces the decision space we have to explore at
any given state.

Definition 3 (Partial Decision). A partial decision
includes only the sequences of a condensed decision,
that is, the sets of preparation and trip sequences, W
and O, respectively.

For the example in Figure 1, this would leave the
food type sequences (1, 3, 5) and (2, 4) for the German
and U.S. food types, respectively, without the prepara-
tion starting times. It would also contain the con-
densed vehicle sequence ((1,2), (4), (3), (5)) but without
the departure times.

4.2.2. The LNS Procedure. We now define our LNS
procedure operating on partial decisions. We start by
generating an initial decision using an FIFO procedure
(see Algorithm 1 in Online Appendix A.2). We generate
new partial decisions using operators that alter task
sequences in W§ and ©; as described below. The feasi-
bility of each partial decision is checked using a poly-
nomial algorithm (see the PDFT in Online Appendix
A4). If a partial decision is feasible, the algorithm
assigns tasks to cooks and vehicles as well as task start-
ing times. A pseudocode of the LNS is given by Algo-
rithm 2 in Online Appendix A.2.

The FIFO procedure generates the initial decision by
appending the new order i to the planned schedule
(Wi, 1,0, 1) (as defined by the state variables of Sy),
that is, by assigning i, to a cook and a vehicle trip. It
starts by assigning order i to the first available cook
¢ € G, initially at the earliest time { > #; in which ¢ is
first available after the last scheduled order in 1, is
prepared (according to the plan in W and t;). Then, it
searches for all vehicles v € V that have fewer than x
orders assigned on their last scheduled trips accord-
ing to © and their departure time is no earlier than
t+1#/, the time order i can be ready. The selected trip
is the one that can get i, to the customer with mini-
mum tardiness. We note that, if order i joins a tour
with other orders, the trip is determined to minimize
the total tardiness over the orders included in it (and
ix) such that it is feasible. If there is no existing sched-
uled trip the new order can join, then it is assigned on
a new trip that departs as soon as both the order
finishes preparation and there is an available vehicle.
If the earliest time a vehicle can reach i, extends its
freshness constraint, then the preparation time by
cook ¢, t, is postponed such that the order arrives
fresh. The described procedure to insert order iy to the
planned schedules (W, t},©x, tZ) without additional
search steps is used in Section 5.3 as a first benchmark,
which we refer to as FIFO. This heuristic represents
what is often done in practice. A pseudocode of the

FIFO benchmark is given by Algorithm 1 in Online
Appendix A.2.

Based on the initial decision (or current decision),
new decisions are generated to search the decision
space as follows. Let rb,{ = (i1,if2,...), Vf € F and @x
be the partial decision of the current decision, referred
to as the current partial decision. We generate the next
decision by using one of seven operators to alter one of

the sequences in r,l}k'x, Vf eFor C:)x such that we obtain
a new partial decision, represented by new sequences:

, Vf € F and @x (where WY = {l,bk Vf € F}). The
operators are randomly selected with equal probabili-
ties. The operators were chosen according to our
understanding of the problem domain based on analyt-
ical properties as well as random procedures that
ensure a large portion of the decision space can be cov-
ered. The individual operators are described in detail
in Online Appendix A.3. Generally, operators 1 and 2
make changes to the order preparation sequences,
operators 3 and 4 change the trips sequence, and opera-
tors 5-7 change the vehicle trips.

After an operator is applied, we check if the new par-
tial decision is feasible using the PDFI, which we
describe in the next section. If not, we discard it. Other-
wise (if it is fea51ble) the PDFT also derives timing sets
t,ix and td ¥ If the decision has a lower (cost) value
than the current one (see Section 4.3), it becomes the
new current partial decision from which the search
continues.

4.2.3. The PDFT. We next summarize our PDFT algo-
rithm (for all details, we refer to Online Appendix A .4).
The 1nput of the PDFT is a state S; and a partial deci-
sion, gbk , VfeFand @x Its output is whether the par-
tial decision is feasible or not. If feasible, it additionally
provides the starting times for order preparations and
the departure times for trips. To describe the PDFT, we
first sketch the problem it is aimed to solve, referred to
as the assignment and timing subproblem (ATP): given
a state Sy in the RMD-GK problem and a partial deci-
sion, that is, set of sequences of orders to prepare for
each food type and a sequence of trips to dispatch,
l/)k , Vf e Fand or 1 respectively, the goal of the ATP is
to assign the orders (trips) to the cooks (vehicles) and
determine feasible task starting times such that the
orders and trips are processed according to the given
sequences and the total delay of the open orders in I
(given by Sj) is minimized. In Online Appendix A4,
we present a DP formulation of the ATP. We further
present a set of analytical propositions that narrow
down the state and decision space of the ATP without
loss of optimality. We also present properties of the
optimal solution to the DP formulation, which form the
basis to the PDFT algorithm.

The PDFT starts with the first state of the DP of the
ATP and assigns orders and trips to cooks and vehicles,
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respectively, as soon as possible, one after another
according to the obtained states along the DP. When
obtaining infeasible states in the ATP because of fresh-
ness and/or synchronization between orders in the
same trip and/or constraints on the given sequences
(according to the partial decision), it returns to the first
assigned order for which its starting time could have
caused the state’s infeasibility. Then, it postpones this
order only as much as necessary and also some of the
orders that followed it (along the DP) as well as some
of the trips so that the infeasible state becomes feasible
(if possible). This means that the final result of the
PDEFT is that all trips depart as soon as possible given
state Sy and the partial decision, which minimizes the
delay. We design stopping conditions when no feasible
solution exists and observe that the PDFT determines
infeasibility of a partial decision if and only if it is infea-
sible, and otherwise, it solves the ATP to optimality. In
our computational experiments, we limit the number
of iterations to 25. However, in about 99% of cases, the
PDFT terminates earlier because either infeasibility
was confirmed or a feasible decision was found. A
detailed analysis of the functionality of PDFT can be
found in Online Appendix A.7.

4.3. Decision Evaluation
Ideally, we want to evaluate each feasible decision x; in
the LNS exactly, that is, with respect to the sum of its
immediate cost Df(Sk, x) and the expected cost to go of
the postdecision state, V(S;). Whereas the immediate
cost can be computed directly as defined in Equation
(3), the value function is unknown and may only be
approximated. As decisions are evaluated in every
state and every iteration of the LNS, it is crucial that the
approximation of the value function is computationally
fast. For that reason, we use a VFA given by a NN V,,,
using a set of features associated with the postdecision
state. These features are based on aggregated values of
the postdecision state. In our case, the aggregated post-
decision states are defined by summary statistics
reflecting our available resources, that is, the current
status of cooks and vehicles (see Online Appendix
AJ5). The aggregation of the postdecision state is
required for two reasons. First, the dimension of the
postdecision state can be vast and, therefore, impede
the approximation accuracy of the VFA, a phenomenon
known as the curse of dimensionality. Second, we
employ the same NN for instances of different num-
bers of cooks and vehicles, a practice that is called
transfer learning, which requires the dimension of the
network’s input to remain fixed. Thus, aggregation of
postdecision states of different sizes to the same fea-
tures is required. In Online Appendix A.7, we show the
value of transfer learning.

The mapping of aggregated postdecision states to
their estimated cost to go is defined by the NN'’s

weights w, fitted once in an extensive off-line simula-
tion. Afterward, the fitted VFA Vw can be invoked
directly, when employed in the online simulation to
evaluate the cost to go of a decision. To fit the net-
work’s weights w, we minimize the expected deviation
of the NN's estimate of the cost to go Vo(F (55)) from
the observed cost to go Sk, ., D2 for each realized
postdecision state 57. The observed costs to go are only
known in hindsight, that is, after simulating the entire
day. Thus, we only update the weights in the NN at the
end of each simulated day. To do so, we save all
observed tuples of aggregated postdecision states and
its associated observed costs to go in a memory. When
updating the NN at the end of a day, we consider all
previously observed tuples in the memory (observed
during this day and previous days) by randomly select-
ing a batch of tuples from the memory. This is done to
avoid statistically dependent samples in the update
step. Then, we compute the mean deviation (as given
by the mean squared error) of the network’s approxi-
mated value and the observed value. The gradient of
the deviation with respect to our weights w serves as a
search direction to update the weights w and, therefore,
to improve the quality of our VFA. We repeat this off-
line simulation until the NN’s approximation quality
converges. We then use the approximated values in the
Bellman equation when searching the decision space
via LNS. In the special case of the last, deterministic
decision point at time T¢, the future cost to go is zero,
and therefore, we set the value function to zero as well.
We describe the details of the NN features and architec-
ture and its update procedure in Online Appendix A.5.

The described LNS procedure to update the planned
schedules (W, t, Oy, t,”(l) without evaluation via VFA is
used in Section 5.3 as a second benchmark that we refer
to as integrated. That is, the evaluation of each decision
by this benchmark is made with respect to the immedi-
ate cost D2 (S, x) only.

5. Numerical Study

In this section, we describe instances and benchmark
policies, analyze the performance of our method as
well as the value of ghost kitchens, and derive manage-
rial insights.

5.1. Instances

For all experiments, we assume service in lowa City
with customer locations from Ulmer et al. (2021). The
ghost kitchen hosts |J| =5 restaurants and is posi-
tioned in the center of Iowa City. Vehicles travel in the
OpenStreetMap network with free-floating travel times
(Boeing 2017). We assume that orders can be placed
the entire day (T°=1,440). However, they usually
accumulate around lunch and dinner times. For this rea-
son, setting T = T° + 120 is sufficient in our experiments.
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Following the literature, we assume two demand peaks
around lunch and dinner time. The number of lunch
and dinner orders is given by random variables OD and
OL, each following a normal distribution. We assume
that more orders are placed in the city center during
lunch time, whereas orders are more frequent in resi-
dential areas during dinner time. We provide detailed
information on how we sample instances in Online
Appendix A.6.

Orders are equally likely for all restaurants. The
preparation times of orders are drawn from a log-
normal distribution that mimics the long-tail behavior
observed in practice (Mao et al. 2022). We assume
decreasing expected preparation times over the five
restaurants in steps of one minute from 10 to 6 minutes
representing different cuisines or efficiency between
the restaurants. We assume a delivery promise of 7 =
30minutes, a freshness constraint of 5f =20 minutes
for all food types f € F, and a vehicle capacity of x = 3
orders (we note that the capacity is rarely reached in
our experiments because of the freshness constraint).

We define three main instance settings. In the small
instance setting, we assume |C;| =1 cook for each res-
taurant j. We further assume |V| =05 vehicles. The
expected number of orders is 64 during lunch time and
it is 100 for dinner time. For the medium setting, we
keep the resources the same, but increase demand by
25%. For the large settings, we double the numbers of
cooks and vehicles as well as the demand compared
with the medium instances. For all settings, we create
300days of order realizations for evaluation.

5.2. Tuning and Benchmark Methods

We train our VFA on the small instances over 10,000
simulations on realizations different than the 300 used
for evaluation. We observe convergence after 4,000
simulations. In the training and implementation, we
set the number of LNS iterations to 70 for each state
(which takes a fraction of a second). We fine-tune the
VFA each for the medium and large instances with an
additional 1,000 samples.

We create four benchmark policies: two are problem-
oriented and two are method-oriented. The latter two
can be found in Online Appendix A.7. The two problem-
oriented benchmarks follow the concepts of Rijal, Bij-
vank, and de Koster (2023) and D’Haen, Braekers, and
Ramaekers (2023) for combined optimization of ware-
house operations and vehicle routing, respectively.

e FIFO: This policy implements the first in, first out
starting solution in every state. Therefore, it solves the
cooking part first and then the routing part. As the
FIFO solution is effective when considering the cooks
in isolation and ignoring vehicles, it can be seen as the
sequential approach proposed in Rijal, Bijvank, and de
Koster (2023).

e Integrated: This policy considers cooking and rout-
ing together but does not anticipate future develop-
ments. It applies the same LNS as our policy but
minimizes immediate delay only.

5.3. Policy Comparison

First, we compare our policy with the problem-oriented
benchmarks. Table 1 summarizes the results of our sug-
gested solution method on the small, medium, and large
instances compared with the two problem-oriented
benchmark policies. The table lists (i) the instance type,
(ii) the KPI examined (“late orders” refer to orders with
a positive delay), (iii)—(v) the tested policies, and (vi and
vii) the average improvement of our Al heuristic over
FIFO and integrated, respectively, for the corresponding
instance type and KPI. All values are rounded to one
digit, but the improvement is calculated on the original
values.

Depending on the instance and method, the average
delay values range between 4.9 and 26.8 minutes, which
falls within ranges observed in practice (Mao et al. 2022).
We observe that our policy improves all KPIs for all three
instance settings. For the small instances, the average
delay can be reduced substantially by 17.0% compared
with integrated and even by 106.5% compared with FIFO.
The same tendency can be observed for the medium and
large instances even though the improvements are less
extreme with 9.4% and 68.1% for the medium instances
and 18.5% and 42.2% for the large instances.

The stepwise increase in solution quality from FIFO
to integrated to our policy confirms the effectiveness of
both parts of our policy: the LNS part for searching and
the VFA part for evaluating the decision space. The
already large difference between FIFO and integrated
shows the value of joint optimization of scheduling
and routing. The superiority of our policy for the
medium and large instances also confirms the success
of our transfer learning approach. In Online Appendix
A9, we further show that, whereas the average delay
depends on the net travel time from the ghost kitchen
to the customer, our policy improves this KPI for custo-
mers across the city. It also shows that the average
delay is linked to the restaurant’s performance. Longer
expected preparation times result in more delays for
the respective customers of the restaurant.

Whereas the objective of our problem and methodol-
ogy is to minimize delay, we also observe significant
improvements in other KPIs. Our method reduces
the percentage of customers experiencing delay, the
average delay, and the maximum delay a customer
experiences per day. Thus, we have fewer dissatisfied
customers, and these customers are dissatisfied less.
We also observe that the average click-to-door time
decreases; thus, customers receive their food faster.
This result is not self-evident as Ulmer et al. (2021)
show that optimization for delay may trade fast
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Table 1. Average Results for the Small, Medium, and Large Instances
Percentage Percentage
improvement improvement
Instances KPI FIFO Integrated Al over FIFO over integrated
Small Average delay, minutes 10.1 5.8 49 106.5 17.0
Percentage of late orders 43.4 36.4 34.3 26.4 6.1
Average delay of late orders, minutes 222 14.7 13.3 66.8 10.8
Maximum delay, minutes 52.6 45.4 44.0 19.5 3.1
Average click-to-door, minutes 34.7 29.9 29.3 18.5 2.1
Average number of orders/trip 13 1.3 14 6.7 3.0
Average total travel time, minutes 2,543.6 2,476.5 2,416.8 5.2 2.5
Average cooks finish time, minutes 1,271.5 1,261.9 1,260.1 0.9 0.2
Medium Average delay, minutes 26.8 17.5 15.9 68.1 9.4
Percentage of late orders 60.8 54.9 54.5 11.6 0.8
Average delay of late orders, minutes 44.0 315 29.0 51.9 8.9
Maximum delay, minutes 101.4 82.2 78.4 29.3 4.8
Average click-to-door, minutes 53.2 435 422 26.2 3.2
Average number of orders/trip 13 14 14 10.5 4.2
Average total travel time, minutes 3,154.9 3,020.0 2,940.5 7.3 2.7
Average cooks finish time, minutes 1,321.6 1,295.3 1,289.9 2.4 0.4
Large Average delay, minutes 15.3 12.8 10.8 42.2 18.5
Percentage of late orders 46.8 44.4 441 6.0 0.7
Average delay of late orders, minutes 32.5 28.4 24.0 35.5 18.3
Maximum delay, minutes 69.8 64.8 60.5 15.3 7.1
Average click-to-door, minutes 40.3 37.7 36.0 12.0 4.7
Average number of orders/trip 15 15 15 4.9 4.2
Average total travel time, minutes 5,926.7 5,869.3 5,679.1 4.4 3.4
Average cooks finish time, minutes 1,294.8 1,289.0 1,280.2 1.2 0.7

deliveries for fewer late deliveries. Finally, we observe
that our policy increases the average bundle size and
reduces the average travel times by several percentages.
Evidently, there is a significant difference between Al
and integrated. When looking closer at the decision
making, we observed that the main differences in bun-
dling between the two policies occur during the lunch
and dinner peak times. That is, the anticipation of Al
allows preparing for the peaks and, consequently, leads
to more effective decision making during the peaks.

Finally, we observed that with AI, cooks finish pre-
paring all orders between 10 and 30minutes earlier
compared with FIFO and between 1.8 to 8.8 minutes
earlier compared with integrated. For a closer analysis
of the workforce utilization, we refer to Online Appen-
dix A.8, in which we show that Al leads to a more effec-
tive utilization especially at the beginning of peaks and
to a substantially smaller backlog at the end of the
peaks. In essence, the reduction in travel times and the
increase in bundling opportunities does not only come
from an elaborate search of the decision space, but also
from the anticipation of future orders.

5.4. The Value of Ghost Kitchens

Setting up a ghost kitchen is a strategical decision that
might come with several advantages in delivery times,
resource usage, and food freshness compared with

conventional meal delivery operations. In the follow-
ing, we quantify these advantages in a new experiment
based on our previous three instances that we evalu-
ated in Section 5.3. We use the same realization of
demand including customer locations, order times,
food type, and preparation times. However, each food
type is now prepared by a corresponding independent
restaurant that is located within Iowa City. The loca-
tions of the restaurants are obtained by a k-medoid
clustering of real restaurant locations in Iowa City,
for which k is given by the number of food types. We
add Gaussian noise (with a mean of zero and a vari-
ance of 20% of the expected preparation time) to the
preparation times in order to represent that traditional
restaurants are affected by disturbances in their prepara-
tion process (Giousmpasoglou, Ladkin, and Marinakou
2022). Unlike ghost kitchens, we assume that indepen-
dent restaurants cannot synchronize preparation sche-
dules across locations, limiting bundling opportunities.
Each restaurant operates a single queue per cook with
orders assigned to the cook with the shortest queue and
prepared in a first in, first out manner. The schedule can-
not be modified ex post. This limitation means freshness
constraints cannot be guaranteed in this setting and are,
therefore, excluded. To ensure a fair comparison, we
also relax the freshness constraints in the ghost kitchen
setting during this experiment.
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The delivery process is handled by a fleet of vehicles
operated by the platform. In practice, independent res-
taurants consolidate orders to balance delivery effi-
ciency and costs (e.g., Uber Eats and DoorDash), which
employ bundling strategies to optimize delivery routes
(e.g., Reyes et al. 2018, Ulmer et al. 2021). We use the
assignment and routing policy of Ulmer et al. (2021)
combined with a repositioning strategy in which vehi-
cles return to the closest restaurant if they are idle.

We summarize our results in Table 2. The table lists
(i) the instance type, (ii) the reported KPIs including
the mean freshness of orders for the setting of (iii) one
ghost kitchen without freshness constraints using the
Al policy, (iv) for the same setting but using the FIFO
policy, and (v) the setting of independent dine-in res-
taurants as well as (vi) the ghost kitchen’s (using the Al
policy) improvement on the setting of independent
dine-in restaurants for each KPL

5.4.1. Service Quality. We observe that ghost kitchens
provide higher service quality and operational efficiency
compared with independent restaurants. This includes
lower average delays in ranges of 57%-56%, reduced per-
centages of late orders in ranges of 18%-38%, and
shorter maximum delays in ranges of 43%—74%. The
centralized planning in ghost kitchens ensures that
meals are prepared in alighment with the delivery dri-
ver’s departure time. This leads to reduced idle times

and fresher food. In contrast, independent restaurants
cause delays and loss of freshness because of uncertain
preparation times and decentralized planning. The aver-
age delay of late orders is the only KPI that worsens (for
medium and large instances). This is likely caused by
statistical artifacts because of fewer delayed orders.

5.4.2. Resources and Costs. Ghost kitchens reduce
travel times by 4%-12% which offers several advan-
tages: Operational costs decrease as platforms spend
less on fuel, maintenance, and driver compensation. Dri-
vers can deliver more orders in the same shift, increas-
ing productivity. Shorter routes also reduce emissions,
supporting sustainability goals, and enhance driver wel-
fare by minimizing time spent on the road.

5.5. Problem Analysis

In this section, we perform a sensitivity analysis and
study the value of collaboration. In our main experi-
ments for the large setting, we assume a freshness con-
straint of 0y =20 minutes, a delivery promise of 7 =
30minutes, |C;| = 2 cooks per restaurant, | V| = 10 vehi-
cles, moderate standard deviations o(/ | f; = f) in prepa-
ration times for all customers i € I, and food types f € F
and expected demand values of E[OL]=160 and
E[OD] = 250. We now vary the parameters individually
and analyze their impact on the KPIs. The results of our
Al policy are shown in Table 3.

Table 2. Comparison of One Ghost Kitchen with Multiple, Independent Restaurants

Percentage
improvement
Ghost Ghost Independent over independent
Instances KPI kitchen (AI) kitchen (FIFO) restaurants restaurants
Small Average delay, minutes 45 6.4 7.0 55.6
Percentage of late orders 34.6 43.4 47.6 37.6
Average delay of late orders, minutes 12.0 13.8 14.6 21.7
Maximum delay, minutes 41.4 42.7 63.2 52.7
Average click-to-door, minutes 29.1 31.2 32.6 12.0
Average freshness, minutes 15.7 17.8 19.3 229
Average number of orders/trip 15 1.8 13 13.3
Average total travel time, minutes 2,389.2 2,304.1 2,672.5 11.9
Medium Average delay, minutes 13.1 16.2 13.8 5.3
Percentage of late orders 52.5 60.4 622 18.5
Average delay of late orders, minutes 24.2 26.2 22.1 —-8.7
Maximum delay, minutes 75.7 71.1 108.9 43.9
Average click-to-door, minutes 39.3 42.7 40.8 3.8
Average freshness, minutes 22.6 25.9 23.8 5.3
Average number of orders/trip 1.7 2.0 15 11.8
Average total travel time, minutes 2,902.8 2,770.9 3,014.3 3.8
Large Average delay, minutes 7.8 9.7 8.5 9.0
Percentage of late orders 43.8 44.8 52.0 18.7
Average delay of late orders, minutes 174 21.2 16.3 —-6.3
Maximum delay, minutes 51.4 51.8 89.2 735
Average click-to-door, minutes 33.4 34.9 34.7 3.9
Average freshness, minutes 16.6 15.6 21.5 29.5
Average number of orders/trip 1.8 1.8 15 20.0
Average total travel time, minutes 5,417.3 5,540.2 6,057.8 11.8
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Table 3. Sensitivity Analysis
Delay, minutes
Original Updated Average number Percentage of Average

Instance Parameter value value of orders/trip late orders Average Maximum late orders
L1 o, VfeF 20 15 12 53.1 24.1 99.5 45.6

L2 o, VfeF 20 25 18 43.8 7.8 514 17.4

L3 T 30 25 15 55.0 12.9 64.8 23.3

L4 T 30 35 15 374 8.7 55.0 224

L5 ICil, Vje] 2 1 13 72.8 51.7 262.5 71.0

L6 ICil, Vje] 2 3 15 39.7 10.6 60.0 26.0

L7 [V 10 7 15 71.7 53.6 190.0 74.8

L8 V| 10 13 15 25.1 3.1 414 11.4

L9 a(th) a(t) 0 1.6 40.7 9.9 54.4 23.9
L10 a(th) a(t) 2-0(t) 15 53.2 18.4 119.2 34.4
L11 E[OL], E[OD] 160,250 144, 225 15 36.4 6.4 44.8 16.7
L12 E[OL], E[OD] 160,250 176, 275 15 522 19.9 88.2 38.0
Large 15 441 10.8 60.5 24.0

5.5.1. Freshness Constraint. The first two instances, L1
and L2, decrease and increase the freshness constraint by
five minutes, respectively. We observe that the average
delay differs significantly between the two instances. One
reason is that, with a more relaxed freshness constraint,
the number of orders per trip can be increased signifi-
cantly (1.2 to 1.5 and even 1.8). This consolidation frees
vehicle resources and allows for faster deliveries. This
illustrates a trade-off for restaurants and ghost kitchens. If
customers want even fresher food, they likely pay for it
by longer waiting for their meal to get prepared and
delivered. We further note that average and maximum
delay values are also indicators for overall working times
for cooks and vehicles. Thus, to ensure fresh food, the
platform has to pay its employees longer.

5.5.2. Delivery Promise. Instances L3 and 14 decrease
and increase the delivery promise by five minutes, respec-
tively. The difference in delivery promises between the
two instances is almost equal to the difference in observed
maximum delay (9.8 minutes) for the two instances. The
difference in average delay is about 6.4minutes, thus,
smaller than 10 minutes, because in L4 some deliveries
arrive earlier than the deadline.

5.5.3. Resources. Instances L5 to L8 vary the number
of cooks (L5, L6) and the number of vehicles (L7, L8).
The results indicate that reducing any resources leads
to a tight bottleneck and unacceptably high delays,
whereas increasing any resources improves the service
quality. This confirms our expectation. Notably, when
the number of cooks is reduced in L5, the number of
orders/trip decreases as well (from 1.5 to 1.3). Whereas
bundling increases efficiency in the vehicle utilization, it
likely reduces efficiency for the cooks because of the
synchronization requirements for orders that share trips.
Our method recognizes that cooks are the bottleneck,

and vehicles are dispatched more often instead of en-
forcing consolidation. In essence, the ghost kitchen
provider should carefully balance the two resources
required for the operations as a lack in one can hardly
be compensated by the other. In Online Appendix A.10,
we analyze the impact of the number of cooks on work-
load distribution between cooks and vehicles. Whereas
the average cook workload is determined by the total
preparation time divided by the number of cooks (and,
therefore, decreases linearly from L5 to L to L6), the
vehicle workload depends on trip decisions. Specifically,
when cooks are the primary bottleneck (as in L5), the
vehicle workload increases despite the unchanged set of
orders because of reduced bundling efficiency. Interest-
ingly, in L6, with a higher number of cooks, vehicles
benefit from improved timing of food preparation,
which helps reduce the total delay objective. However,
this comes at the cost of less efficient bundling, resulting
in higher travel times compared with L.

5.5.4. Preparation Times. Instances L9 and L10 vary
the standard deviation of preparation times by either
setting it to zero or doubling it. We observe that the
value of no variance in preparation time (9.9 average
delay) is only slightly smaller compared with our stan-
dard instance (10.8 average delay). This suggests that
extended preparation times alone are not the primary
cause of increased delays. When the variance is high,
the system experiences a breakdown with an average
delay of 40.0 minutes. This suggests that, whereas the
system can tolerate minor variations in preparation
times, it is crucial for the ghost kitchen provider to
keep these fluctuations within manageable limits.

5.5.5. Demand. Instances L11 and L12 decrease and
increase demand by 10%. As expected with less demand,
average delay decreases, and with more demand,
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Table 4. The Value of Collaborating Cooks and Vehicles

Cooks Vehicles
KPI No Pairwise Full Pairwise Full
Average delay, minutes 16.7 10.8 10.0 34.3 10.8
Percentage of late orders 515 44.1 38.2 51.8 44.1
Average delay of late orders, minutes 32.2 24.0 252 65.8 24.0
Average click-to-door, minutes 42.8 36.0 34.4 60.5 36.0
Maximum delay, minutes 89.7 60.5 54.6 181.8 60.5
Average number of orders/trip 15 15 15 13 1.5

average delay becomes significantly worse. Thus, accu-
rate demand predictions are crucial to manage resources
accordingly.

Finally, we analyze the value of shared resources
between the restaurants. In our initial setting, we
assumed full collaboration among the vehicle fleet
and pairwise collaboration of two cooks per restau-
rant. We now vary the collaborations between no,
pairwise, and full for the two types of resources indi-
vidually. The results are shown in Table 4. No collabo-
ration between cooks means that we assume 10 food
types with single cooks instead of five food types with
two cooks each. We observe that the delay increases in
this case. Thus, even the pairwise collaboration is
already very beneficial. The delay reduces even fur-
ther, but only slightly, for the full collaboration case in
which every cook can prepare every food (i.e., one
large restaurant). The limited improvement is likely
because the vehicles become the main bottleneck in
that case. For vehicles, we observe a similar but more
severe result. Delay goes up and orders per trip go
down. Assigning dedicated vehicles to each restau-
rant is undesirable as it negates a key advantage of the
ghost kitchen model: centralized, anticipatory prepa-
ration scheduling and coordinated deliveries across
multiple restaurants. This experiment reveals two
main insights: First, a careful balance of the resources
is required for effective operations. Second, the central
dispatching of a joint fleet is one of the major advan-
tages of a ghost kitchen.

6. Discussion and Opportunities for

Future Work
In this work, we analyze the concept of ghost kitchens
and show how anticipatory and integrated optimization
of scheduling and routing can improve operations and
customer experience. We present a novel solution method
to synchronize between the first (preparation) and second
(dispatching) stages of a ghost kitchen’s operation.

6.1. Method Generality

Our solution method consists of several components
whose usefulness are not limited to the RMD-GK and
can also be used in other problems that have a large

decision space and/or real-time decision making under
uncertainty. For instance, the notion of a condensed
decision representation can be used to reduce the search
space (ideally without loss of optimality) in problems in
which homogeneous resources are considered, for exam-
ple, vehicle fleet management and parallel machine
scheduling. Similarly, searching over partial decisions
and determining timing by a separate algorithm can be a
successful approach for various scheduling and assign-
ment problems. This is the case when the starting times
of tasks can be defined as a subproblem of the schedul-
ing problem, which may be easier to solve given the
assignment of tasks at the resources. This motivates
searching over assignment decisions only and determin-
ing the starting times according to a separate algorithm.
Finally, our methodology can be used in other complex
problems in which two sequential stages need to be
coordinated, for example, when facing joint dynamic
optimization of warehouse operations and vehicle rout-
ing (Rijal, Bijvank, and de Koster 2023). In such cases,
infeasibility often arises because of the need to synchro-
nize the stages. Analytical analysis that excludes a sub-
stantial number of infeasible solutions can significantly
enhance the efficiency of the solution method as demon-
strated for the RMD-GK.

6.2. Future Research

Our numerical study reveals that synchronization
achieves a significant improvement in all important
KPIs and that interesting and insightful connections
exist between the availability and use of the resources
allocated to the two stages. This is, again, a promising
direction for future research for other problems with
similar characteristics. There are also several additional
avenues for future research in problem and method.

6.2.1. Hybrid Systems and Customer Order Flexibility.
In our work, we show that operating a ghost kitchen has
several advantages compared with conventional meal
delivery systems by analyzing both systems in isolation,
each with a dedicated fleet. Future research could
explore hybrid systems that integrate both traditional
restaurants and ghost kitchens as this could combine the
strengths of both models, potentially improving flexibil-
ity, resource utilization, and responsiveness to varying
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demand. Additionally, studying how ghost kitchens can
be implemented with crowdsourced delivery services
could uncover scalable and cost-effective approaches
to meet peak demands more efficiently. Further, we
assume that customers still order from one restaurant
only. However, an additional advantage of ghost kitch-
ens might be that customers may order from different
restaurants and receive their food at the same time
(Arslan, Agatz, and Klapp 2021). Future research may
extend the presented model and methodology to allow
for multiple orders and analyze its impact on the sys-
tem’s performance because such an option may lead to
less flexibility in the ghost kitchen and longer delivery
times. We further show that the freshness constraint has
a significant impact on the delivery times.

6.2.2. Freshness Constraints, Cook Collaboration,
and Preparation Time Variance. Future research may
exploit this insight, for example, by dynamically relax-
ing the constraint during peak times. Our results also
indicate that the collaboration among cooks can be bene-
ficial. The setup and assignment of cooks may deserve a
closer investigation in the future. For example, some all-
around cooks may be assigned dynamically between
the restaurants (or even to vehicles) based on realized
and expected demand. We further see that the variance
in preparation times of the restaurants determines suc-
cess or failure of the entire operation. Future work may
investigate this in more detail, for example, by analyzing
how a single restaurant’s performance impacts the ser-
vice quality of the other restaurants or by modeling
preparation time uncertainty.

6.2.3. Equity. Moreover, exploring the fairness between
customers, cooks, and vehicles could be an intriguing
avenue for future research, potentially leading to an even
more balanced and equitable system-wide performance.

6.2.4. Methodology. In our work, we present a method
that searches and evaluates complex scheduling and
routing decisions in an integrated fashion. There are a
variety of possible extensions. In our method, we con-
dense the decision space to search by using a con-
densed partial decision representation and, if feasible,
create the full decision for evaluation via our VFA. In
the future, VFA features may be developed to allow
evaluation already on the condensed partial decision
level. Whereas our PDFT algorithm was able to identify
feasibility in the first iterations, future research may
combine our analytical checks with checks based on
machine learning (van der Hagen et al. 2022). Another
extension could be to use the trained neural net for
guiding the search within the LNS, for example, by pre-
scribing the operators to use in a state.
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