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Abstract. A challenge in same-day delivery operations is that delivery requests are typ
ically not known beforehand, but are instead revealed dynamically during the day. 
This uncertainty introduces a trade-off between dispatching vehicles to serve requests 
as soon as they are revealed to ensure timely delivery and delaying the dispatching 
decision to consolidate routing decisions with future, currently unknown requests. In 
this paper, we study the dynamic dispatch waves problem, a same-day delivery problem 
in which vehicles are dispatched at fixed decision moments. At each decision moment, 
the system operator must decide which of the known requests to dispatch and how to 
route these dispatched requests. The operator’s goal is to minimize the total routing 
cost while ensuring that all requests are served on time. We propose iterative conditional 
dispatch (ICD), an iterative solution construction procedure based on a sample scenario 
approach. ICD iteratively solves sample scenarios to classify requests to be dispatched, 
postponed, or undecided. The set of undecided requests shrinks in each iteration until a 
final dispatching decision is made in the last iteration. We develop two variants of ICD: 
one variant based on thresholds, and another variant based on similarity. A significant 
strength of ICD is that it is conceptually simple and easy to implement. This simplicity 
does not harm performance: through rigorous numerical experiments, we show that 
both variants efficiently navigate the large state and action spaces of the dynamic dis
patch waves problem and quickly converge to a high-quality solution. Finally, we dem
onstrate that the threshold-based ICD variant achieves excellent results on instances 
from the EURO Meets NeurIPS 2022 Vehicle Routing Competition, nearly matching the 
performance of the winning machine learning–based strategy.
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1. Introduction
E-commerce retailers are increasingly offering same- 
day or even instant delivery services, with deliveries 
often occurring within two hours after order placement 
(Li, Archetti, and Ljubic 2023). The ability of retailers to 
offer fast and cost-effective deliveries heavily relies on 
making efficient dispatching and routing decisions, 
which involve balancing the trade-off between dis
patching orders upon their arrival and waiting for 
future order arrivals (Klapp, Erera, and Toriello 2018b). 
Dispatching orders early ensures that customers receive 
their deliveries according to their preferred delivery 
time, whereas waiting allows for delivery consolidation 

and scale efficiency through improved routing deci
sions. However, as delivery requests are typically un
known beforehand, evaluating this trade-off requires 
taking into account the underlying uncertainty that 
arises from several factors, such as the variability of 
order arrival patterns, customer locations, the sizes of 
requests, and the time windows or deadlines of these 
requests. Accounting for all these sources of uncertainty 
in the same-day delivery environment, where decisions 
must be made quickly, poses considerable methodolog
ical challenges.

This paper considers the dynamic dispatch waves prob
lem (DDWP). The DDWP is a same-day delivery problem 

726 

TRANSPORTATION SCIENCE 
Vol. 58, No. 4, July–August 2024, pp. 726–740 

ISSN 0041-1655 (print), ISSN 1526-5447 (online) https://pubsonline.informs.org/journal/trsc 

mailto:l.lan@vu.nl
https://orcid.org/0000-0001-7479-0218
mailto:j.m.h.van.doorn@vu.nl
https://orcid.org/0009-0002-0233-367X
mailto:n.a.wouda@rug.nl
https://orcid.org/0000-0003-2463-0309
mailto:a.rijal@rug.nl
https://orcid.org/0000-0001-8701-2757
mailto:s.bhulai@vu.nl
https://orcid.org/0000-0003-1124-8821
https://doi.org/10.1287/trsc.2023.0111
https://doi.org/10.1287/trsc.2023.0111


in which vehicles are dispatched at fixed decision 
moments (e.g., every hour). The DDWP is found in 
numerous applications, such as e-commerce (Klapp, 
Erera, and Toriello 2018a), urban consolidation centers 
(Van Heeswijk, Mes, and Schutten 2019), and grocery 
delivery services (Liu and Luo 2023). A set of new deliv
ery requests arrives at each decision moment, and the 
system operator has to decide which requests to dis
patch and how to route them, and the remaining 
requests are postponed to future decision moments. We 
consider a variant of the DDWP that was introduced in 
the EURO Meets NeurIPS 2022 Vehicle Routing Com
petition (Kool et al. 2023). In this variant, all delivery 
requests must be served within their requested time 
windows and a sufficient number of vehicles is avail
able to serve all requests on time. The goal is to mini
mize the total distance traveled.

We propose the iterative conditional dispatch (ICD) 
algorithm to solve the DDWP quickly, within just a few 
minutes. The algorithm leverages ideas from progres
sive hedging (Rockafellar and Wets 1991) and sample 
scenario planning (Bent and Van Hentenryck 2004). 
The ICD algorithm constructs a dispatching solution 
through the iterative resolution of sample scenarios to 
classify requests as dispatched, postponed, or unde
cided. The set of undecided requests shrinks in each 
iteration until a final dispatching decision is made in 
the last iteration.

ICD can be seen as a generalization of the dynamic 
stochastic hedging heuristic (DSHH) introduced by 
Hvattum, Løkketangen, and Laporte (2006) for a dy
namic pickup and delivery problem with fixed deci
sion moments. The DSHH also uses similar concepts 
from progressive hedging to construct a solution itera
tively, and the authors use a single-threshold-based 
mechanism that classifies which requests to serve next 
based on a sample scenario approach. These decisions 
are then enforced by restricting the customer time win
dows to serve the selected requests before the next 
decision moment. Although this adjustment is suitable 
for problems where vehicles are already en route and 
decisions concern selecting the next customers to visit, 
it falls short for problems involving dispatching deci
sions because it severely affects the quality of routes.

To overcome this issue, we use dispatch windows to 
enforce dispatching decisions, leaving the customer 
time window and overall problem structure intact. 
Moreover, we extend the single-threshold mechanism 
of the DSHH to a double-threshold function: besides 
classifying which requests to dispatch, we also classify 
which requests to postpone. Rigorous experiments on 
a large test bed of diverse instances demonstrate that 
the double-threshold method applied in ICD consis
tently outperforms the single-threshold variant by as 
much as 2%. To avoid tuning of the threshold para
meter values, we also develop a nonparametric ICD 

variant that is as competitive as the single-threshold vari
ant. Finally, we show that ICD performs competitively 
on instances from the EURO Meets NeurIPS 2022 Vehicle 
Routing Competition (Kool et al. 2023), nearly matching 
the performance of the winning machine learning–based 
approach by Baty et al. (2024) that ranked first in the 
competition. Although we develop and benchmark ICD 
for the special case of a DDWP in which all requests 
must be served, the idea of dispatch windows can easily 
be extended to more general variants of DDWPs with 
different objectives and constraints, such as maximizing 
the number of requests to be served or crowdsourced 
delivery.

The outline of this paper is as follows. Section 2 sur
veys the related literature. Section 3 formalizes the 
problem description. Section 4 presents the iterative 
conditional dispatch algorithm. Section 5 describes 
the numerical experiments and discusses the results. 
Section 6 concludes the paper and discusses future 
research ideas.

2. Literature Review
The DDWP can be seen as a particular variant of the 
same-day delivery problem (Voccia, Campbell, and 
Thomas 2019; Zhang and Van Woensel 2023). The 
same-day delivery problem is a stochastic dynamic 
vehicle routing problem (VRP) where not all customer 
requests are known beforehand, but at least some 
arrive dynamically over the planning horizon. The goal 
is to make dispatching decisions either when each cus
tomer request arrives or at a number of fixed moments 
in time (e.g., every hour). Because e-commerce compa
nies are increasingly offering same-day delivery ser
vices to enhance customer satisfaction (Klapp, Erera, 
and Toriello 2020), the rapid growth of e-commerce has 
resulted in a burst of recent work on same-day delivery 
problems: Zhang and Van Woensel (2023) find that 
90% of same-day delivery problem–related studies have 
been published within the last five years.

The most common way of modeling a stochastic and 
dynamic VRP is by formulating it as a Markov decision 
process (MDP). Because the state and action spaces of 
MDP formulations for such problems are typically very 
large, most studies resort to approximate algorithms. 
We refer to the survey of Soeffker, Ulmer, and Mattfeld 
(2022) for a classification of solution methods, and dis
cuss here only two main ways of solving same-day 
delivery problems.

The first way is based on scenario sampling from a 
(known or approximated) stochastic process that mod
els the dynamics of customer request arrivals. These 
sampled scenarios reduce to static VRP instances, which 
are considerably easier to solve. Solving each scenario 
in isolation, however, results in as many solutions 
as there are sampled scenarios. The main difficulty in 

Lan et al.: Iterative Sample Scenario Approach for the DDWP 
Transportation Science, 2024, vol. 58, no. 4, pp. 726–740, © 2024 INFORMS 727 



scenario sampling is how to combine the information 
from each scenario solution into a single, actionable deci
sion for the original problem.

Bent and Van Hentenryck (2004) propose the use of 
a so-called consensus function to combine the scenario 
solutions into a single action. Their consensus function 
is based on a least-commitment approach (Stefik 1981). 
The results show a clear benefit over simply imple
menting the “best” scenario solution, suggesting a 
substantial benefit from finding consensus among 
the different scenarios. Hvattum, Løkketangen, and 
Laporte (2006) consider a dynamic pickup and deliv
ery problem with fixed decision moments, and pro
pose the DSHH to solve this problem. The DSHH 
algorithm iteratively solves a set of sample scenarios 
and computes the percentage of scenarios in which 
each request was served before the next decision 
moment. Hvattum, Løkketangen, and Laporte (2006) 
apply a threshold decision rule to these percentages to 
determine which request to serve. Ghiani, Manni, and 
Thomas (2012) consider a same-day delivery problem 
with a single vehicle and propose a consensus function 
that selects a solution with minimal pairwise Ham
ming distance from the set of scenario solutions. Voc
cia, Campbell, and Thomas (2019) consider a same-day 
delivery problem where dispatch decisions are made 
as each request arrives. Their consensus function iden
tifies the solution that is most often observed in the 
scenario solutions. Azi, Gendreau, and Potvin (2012) 
study a same-day delivery problem with request accep
tance and use a sample scenario approach to determine 
the relative benefit of accepting a request. Similarly, 
Dayarian and Savelsbergh (2020) use a sample scenario 
approach to determine the relative benefit of dispatch
ing a request at the current dispatching epoch, or post
poning the request for later (for a similar idea, see 
Hvattum, Løkketangen, and Laporte 2007).

Besides scenario-based approaches, there are many 
other ways to solve same-day delivery problems by 
approximating some aspect of the MDPs. Klapp, Erera, 
and Toriello (2018b) study a single-vehicle variant of 
the DDWP, in which requests are located on a line. 
They formulate a rollout policy and an approximate 
linear programming–based dynamic policy to solve 
the problem. Klapp, Erera, and Toriello (2018a) gener
alize this setting to general network topologies. Van 
Heeswijk, Mes, and Schutten (2019) formulate an MDP 
for a DDWP and solve the MDP using approximate 
dynamic programming with a value function approxi
mation through basis functions. They test their method 
on instances with up to 40 customer requests arriving 
between decision moments and find that they out
perform several myopic policies by 6%–20%. Ulmer, 
Thomas, and Mattfeld (2019) formulate an MDP for 
a same-day delivery problem in which vehicles are 

allowed to return to the depot before all assigned 
requests have been served. They propose a value func
tion approximation and show that preemptive depot 
returns can substantially increase the number of deliv
eries. Ulmer (2020) integrates pricing and routing for 
same-day delivery in an e-commerce setting. They use 
a value function approximation based on state space 
aggregation to solve the problem efficiently. Liu and 
Luo (2023) present a dynamic programming formu
lation and structured approximation method for a 
DDWP. They prove several structural results on the 
quality of the resulting solution and validate the 
approach numerically through a real-world case in 
grocery and food delivery. Recently, Heitmann et al. 
(2023) combined the two approaches in a dial-a-ride 
setting. They used value function approximation to 
efficiently decide whether to accept a request, while 
using scenario sampling and the consensus function 
of Bent and Van Hentenryck (2004) to decide on the 
routing problem.

Scenario sampling and other MDP-based techniques 
both have to work around the issue that the underlying 
vehicle routing problem in same-day delivery pro
blems is, in general, difficult to solve. This makes accu
rately estimating the (expected) cost of a dispatching 
decision a difficult task, because that typically requires 
solving many routing problems in a decision tree. This 
is not an option in the time-constrained setting of the 
DDWP we consider here. Several techniques have been 
developed to curtail the computational effort needed to 
explore the solution space. Dominance checks can be 
used to eliminate suboptimal nodes in the decision tree 
without sacrificing optimality (Goodson, Thomas, and 
Ohlmann 2016). Alternatively, Secomandi and Margot 
(2009) restrict the state space heuristically, and Zhang, 
Zhang, and Fan (2022) impose a priori rules that restrict 
the customer search space based on the current solu
tion. In particular, they allow vehicles to visit sub
sequent customers only within a predefined radius. 
Hvattum, Løkketangen, and Laporte (2006) use princi
ples from progressive hedging (Rockafellar and Wets 
1991) to iteratively fix decisions for some requests. This 
progressively builds a solution of high quality, which 
can be much faster than exhaustively solving the sce
nario sampling or MDP problem.

3. Problem Description
In this section, we formulate the DDWP variant that 
was presented in the EURO Meets NeurIPS 2022 Vehi
cle Routing Competition (Kool et al. 2023). We intro
duce notation and provide a general problem outline in 
Section 3.1. Thereafter, we introduce the vehicle routing 
problem with time windows and dispatch windows 
(VRPTW-DW) in Section 3.2. Finally, in Section 3.3, we 
formulate the DDWP as an MDP.
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3.1. General Outline
We consider a planning horizon of H time units, which 
is further divided into a set of decision epochs T �
{1, 2, : : : , tfinal}, where tfinal represents the final epoch. 
We assume each epoch t ∈ T starts at time Tt ≥ 0, with 
Tt > Tt�1 for t>1.

A set of new delivery requests ωt is revealed at the 
start of each decision epoch t ∈ T . The set of requests ωt 
has support Ωt. We assume the support Ωt is known, 
either through direct knowledge or by approximation 
from historical data. Each request i ∈ ωt requires a ser
vice time of µi ≥ 0 time units when serviced at the 
request location. Service may only start in the request’s 
time window [ei, li], with Tt ≤ ei < li ≤ H. Early arrival 
at a request location is allowed, but service must wait 
until the time window opens. The demand of a request 
is denoted by qi ≥ 0 units of load capacity of vehicles. 
The release time of a request is denoted by ri�Tt. The 
travel time between the locations of two requests i and j 
is denoted by τij ≥ 0, and the cost of travel is denoted 
by cij ≥ 0. Deliveries are made with a fleet of homoge
neous vehicles K, where each vehicle has a capacity of 
Q>0 units. A feasible route dispatched in epoch t starts 
at the depot at time Tt and must return to the depot 
before the end of the planning horizon H. The sum of 
the requested demands on the route may not exceed 
the vehicle capacity.

We consider that operators always have access to 
sufficient vehicles at the start of each decision epoch. 
This assumption is different from the common restric
tion in same-day delivery problems that only a limited 
number of vehicles is available, while allowing for 
some requests not to be served (Klapp, Erera, and 
Toriello 2018b; Voccia, Campbell, and Thomas 2019). 
Despite these differences, our problem and solution 
approach capture the dynamics between waiting and 
dispatching decisions to improve operational effi
ciency, which is one of the core challenges of same- 
day delivery problems. To offer a more realistic view, 
we include an alternative model in Online Appendix C 
with limited fleet availability and accompanying num
erical results.

At the start of each decision epoch, the operator 
must decide which of the known requests to dispatch 
and which ones to postpone to consolidate with new 
requests that may arrive in later epochs. The objective 
is to dispatch requests and route vehicles such that 
all requests are served within their time windows, 
and to minimize the total travel cost of the routes 
in current and future epochs. This is formalized in 
Section 3.3.

3.2. Static Vehicle Routing Problem with 
Dispatch Windows

Before the dynamic problem is formulated using MDP ter
minology, we present the VRPTW-DW as a preliminary 

problem. The VRPTW-DW is the static and deterministic 
version of the DDWP. Similar models have been pre
sented before in Klapp, Erera, and Toriello (2018a) and 
Van Heeswijk, Mes, and Schutten (2019). Let N be the 
index set of delivery requests, and let T ≥ 0 denote the 
earliest time that a request may be dispatched. The depot 
is represented by two indices 0 and |N | + 1, which cor
respond to the start and end of a route, respectively. The 
depot has no service time (µ0 � µ |N | +1 � 0), no demand 
(q0 � q |N | +1 � 0), and a time window that spans the 
planning horizon ([e0, l0] � [e |N | +1, l |N | +1] � [0, H]). Let 
V � {0, |N | + 1} ∪N define the set of locations. A dis
patch window [r�i , r+i ] is a time interval during which a 
route containing request i ∈N must leave the depot. 
Unless specified otherwise, we assume r�i � ri and r+i �
H for each request i ∈N . Two sets of decision variables 
are used to define a solution. First, xijk ∈ {0, 1} tracks 
the routing decision: it is one if vehicle k ∈K travels 
from location i ∈ V to j ∈ V, and zero otherwise. Second, 
θik ≥ 0 determines the time at which service starts at 
location i ∈ V by vehicle k ∈ K.
Let

c(x,θ) �
X

k∈K

X

i, j∈V
cijxijk 

denote the total (travel) cost of a decision pair (x,θ). A 
formulation for the VRPTW-DW is given by

VRPTW-DW(N , T) :
min
x,θ c(x,θ) (1a) 

s:t:
X

k∈K

X

j∈V
xijk � 1 ∀i ∈N , (1b) 

X

j∈V
x0jk � 1 ∀k ∈K, (1c) 

X

i∈V
xi, |N | +1, k � 1 ∀k ∈K, (1d) 

X

j∈N
xijk �

X

j∈N
xjik ∀k ∈K, i ∈N , (1e) 

xijk(θik +µi + τij �θjk) ≤ 0
∀k ∈K, i, j ∈ V, (1f) 

ei ≤ θik ≤ li ∀k ∈K, i ∈ V, (1g) 

max{r�i , r�j }xijk ≤ θ0k ∀k ∈ K, i, j ∈N , (1h) 

θ0k ≤ min{r+i , r+j }xijk ∀k ∈K, i, j ∈N , (1i) 

θ0k ≥ T ∀k ∈K (1j) 
X

i∈V
qi
X

j∈V
xijk ≤ Q ∀k ∈K, (1k) 
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xijk ∈ {0, 1} ∀k ∈K, i, j ∈ V, (1l) 
θik ≥ 0 ∀k ∈K, i ∈ V: (1m) 

The objective (1a) minimizes the total travel cost. 
Constraints (1b) ensure that each request is assigned 
to exactly one vehicle. Constraints (1c) and (1d) de
fine that each vehicle starts and ends at the depot, 
respectively. Constraints (1e) ensure flow conserva
tion at each request location. Constraints (1f) and (1g) 
guarantee feasibility with respect to the arrival times 
and time windows, respectively. Constraints (1h) 
and (1i) ensure feasibility with respect to the request 
dispatch windows, and Constraints (1j) ensure that 
no vehicle is dispatched before time T. Finally, Con
straints (1k) ensure feasibility with respect to vehicle 
capacity.

The problem formally described by (1) is relevant to 
the dynamic problem in three ways. First, and most 
importantly, it is repeatedly solved heuristically by 
our solution approach in Section 4 to determine dis
patching actions in each epoch. Second, it is used to 
evaluate the cost of a dispatching decision at each 
decision moment (see Section 3.3.4). Third, with per
fect information, the DDWP reduces to a static and 
deterministic VRPTW-DW problem. Let N t � ∪

t
t′�1 ωt′

denote the set of all realized requests up to epoch t. 
Solving VRPTW-DW(N tfinal , T1) now provides a lower 
bound on the cost of the dynamic counterpart for 
this realization. We refer to this large static problem 
as the hindsight problem and use it in Section 5 for 
benchmarking.

3.3. Markov Decision Process Formulation
We now formulate the DDWP as an MDP.

3.3.1. State Space. The state space specifies the cur
rent state of the system in reference to requests that 
are known but not yet dispatched. The state space at 
epoch t can be simply represented as a set st � {i ∈
N t |request i has not been dispatched}.

3.3.2. Action Space. Given the current state st in epoch 
t, an action at is a subset of available requests that are 
chosen to be dispatched in epoch t, that is, at ⊆ st. Let 
mt ⊆ st denote the set of requests in epoch t that must be 
dispatched because of feasibility requirements. Specifi
cally, we define

mt � {i ∈ st |VRPTW-DW ({i}, Tt+1) is infeasible}

as the set of requests that cannot be feasibly dispatched 
as a single request in the next epoch at time Tt+1. The 
complete action space A(st) is then specified as

A(st) � {at ⊆ st |mt ⊆ at}:

At its largest, the action space can be equal in size to 
2 | st | , the power set of the current state st.

Illustrative of the literature, Voccia, Campbell, and 
Thomas (2019) and Van Heeswijk, Mes, and Schutten 
(2019), among others, use more involved state space 
representations where route information such as return 
times is also specified. Also, Ulmer et al. (2020) argue 
for the use of a route-based representation of state 
space. We chose to simplify our representation for two 
reasons. First, unlike the aforementioned studies, our 
assumption of unlimited available vehicles ensures 
that the dispatching of vehicles in the current epoch 
does not impact decisions in later epochs. Therefore, 
including additional route-specific information would 
only serve to expand the state space. Second, the exis
tence of multiple optimal routes with the same cost 
would increase the size of the action space. Our set rep
resentation avoids this symmetry issue and substan
tially reduces the size of the action space.

3.3.3. State Transitions. The transition to the next 
state st+1 depends on the chosen action at and the 
unknown future realization ωt+1. For each realization 
ωt+1 from the support Ωt+1, the next epoch’s state is 
given by st+1 � (st \ at) ∪ ωt+1.

3.3.4. Optimality Conditions. The direct cost C(st, at) of 
a specific action at in state st is given by the cost of rout
ing the requests in at at time Tt. Let (x∗,θ∗) be the opti
mal solution to VRPTW-DW(at, Tt). The direct cost is 
then given by C(st, at) � c(x∗,θ∗). The objective of the 
DDWP is to select, for each epoch t ∈ T , a minimum 
cost action such that the following (Bellman) optimality 
conditions are satisfied:

V(st) �
C(st, st) if t � |T | ,
min

a∈A(st)
[C(st, a) +Eωt+1[V(st+1)]] otherwise:

(

(2) 

The conditions of (2) lend themselves naturally to a 
dynamic programming-based solution approach. How
ever, there are three main difficulties in pursuing a solu
tion approach in this direction. First, the number of 
actions A(st) is exponential in the size of the state st. 
Second, obtaining the costs C(st, at) for a single state 
and action pair (st, at) requires solving the challenging 
VRPTW-DW of Section 3.2. Third, an accurate specifica
tion of the transition probabilities that are needed to 
evaluate the expected future costs is often not available 
in practice. In the next section, we propose an algorithm 
that is tailored to overcome these challenges.

4. The Iterative Conditional 
Dispatch Algorithm

This section presents the iterative conditional dispatch 
algorithm to solve the DDWP. The ICD algorithm is an 
iterative solution construction procedure based on a 
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sample scenario approach to tractably approximate the 
exponential state and action spaces outlined in Section 
3.3. The pseudocode of the ICD algorithm is given in 
Algorithm 1 for a fixed epoch t ∈ T . The algorithm 
maintains two sets of decisions: the set of dispatched 
requests dt and the set of postponed requests pt. At ini
tialization, we initially set dt �mt and pt � ∅. Then, the 
ICD algorithm iteratively applies two steps: Step I and 
Step II. In Step I (Section 4.1), we first generate a set of 
sample scenarios. These sample scenarios each repre
sent one potential realization of future requests. Then, 
with the previously fixed decisions given by dt and pt, 
we solve the sample scenarios as static VRPTW-DWs 
(Section 3.2) to identify the dispatch and postponement 
decisions that are made for each sample instance. In 
Step II (Section 4.2), we use the scenario solutions to 
classify requests that are not in dt ∪ pt into either the 
dispatch set dt or the postponement set pt, or leave the 
request undecided. Note that we maintain the invariant 
dt ∩ pt � ∅, so a request cannot be classified as both dis
patched and postponed. The classification of Step II 
reduces the number of undecided requests in subse
quent iterations. Upon finishing a specified number of 
iterations or when all requests have been classified (i.e., 
when st � dt ∪ pt), the dispatch action at is given by dt. 
Sections 4.1 and 4.2 describe Steps I and II in more 
detail.

Algorithm 1 (Iterative Conditional Dispatch in Epoch t ∈ T ) 
1: Initialize dt�mt and pt � ∅

2: while number of iterations not exceeded and st ≠ 
dt ∪ pt do

3: Step I: generate scenarios S and solve them as 
VRPTW-DWs conditioned on dt and pt

4: Step II: update dt and pt based on scenario 
solutions

5: end while
6: at� dt

4.1. Step I: Solving Sample Scenarios
Step I requires the generation of |S | sample scenarios 
and solving each of the resulting static routing problems. 
Formally, a single scenario S is constructed as follows. A 
scenario S ∈ S is a set of requests formed by the current 
epoch state st and a sample path realization (ω̃t+1, ω̃t+2, 
: : : , ω̃t+L), where ω̃t′ sampled from Ωt′ denotes the set of 
future requests that arrive in decision epoch t′ and L 
denotes the number of look-ahead epochs. Thus,

S � st ∪
[t+L

t′�t+1
ω̃t′ :

Each scenario is solved as the problem defined by 
VRPTW-DW(S, Tt). To incorporate the dispatch and 
postponement decisions dt and pt, we make the follow
ing adjustments to the dispatch windows [r�i , r+i ] for 

each request i ∈ S. For dispatched requests i ∈ dt, the 
dispatch window is set to [r�i , r+i ] � [Tt, Tt], forcing 
these requests to be dispatched in the current epoch t at 
decision moment Tt. For postponed requests i ∈ pt, the 
dispatch window is set to [r�i , r+i ] � [Tt+1, H], where 
Tt+1 is the decision moment of the next epoch t+1. All 
other requests i ∈ S \ (dt ∪ pt) retain their default dis
patch windows.

A feasible solution (x,θ) to VRPTW-DW(S, Tt) is 
readily mapped back to a scenario solution aS. In particu
lar, we can infer the request and vehicle pairings from 
the x decisions. Then, the epoch in which each request 
was dispatched can be read from the route starts θ0k for 
each vehicle k ∈K. Formally, a request i ∈ st is dis
patched in epoch t if θ0ki � Tt, where ki is the vehicle to 
which i is assigned. We thus have

aS � {i ∈ st |θ0ki � Tt}:

One of the challenges in sample scenario approaches 
is that the scenario problems are often hard to solve 
optimally. We show in the numerical experiments 
(Section 5) that it is not necessary to solve these pro
blems optimally to obtain good solutions using ICD.

4.2. Step II: Updating dt and pt Using 
Consensus Functions

Step II involves classifying requests based on the sce
nario solutions to update the action sets dt and pt. We 
use consensus functions to make the classification. Our 
first consensus function is based on thresholds, and our 
second on the Hamming distance.

4.2.1. Threshold-Based Consensus. The threshold- 
based consensus function classifies each request based on 
how often it is dispatched in the scenario solutions. First, 
we define the dispatch score 0 ≤ φ(i) ≤ 1 of a known 
request i ∈ st as the relative frequency of it being dis
patched among the sample scenario solutions. Formally, 
the dispatch score φ(i) of a request i ∈ st is given by

φ(i) � 1
|S |

X

S∈S
1i∈aS , 

where 1i∈aS is an indicator that is one if i is dispatched 
by scenario solution aS and zero otherwise.

The threshold-based consensus function is character
ized by two separate threshold parameters, ɛD and ɛP, 
that determine the cutoff points for the assignment of 
requests to action sets dt and pt. Given the dispatch 
scores φ(i), we update dt and pt as follows:

dt � dt ∪ {n ∈ st |φ(i) ≥ ɛD},

pt � pt ∪ {n ∈ st |φ(i) < ɛP}:

The dispatch score φ(i) can be interpreted as a measure 
of the probability that a request i should be dispatched 
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in epoch t. If the dispatch score of a request is high, 
then the request is a good candidate for dispatching. 
Conversely, requests with high postponement proba
bilities (1�φ(i)) should be postponed. The threshold 
parameters ɛD and ɛP reflect the tolerance levels for 
classifying a request as dispatched and postponed, 
respectively. Requests with a dispatch score in [ɛP,ɛD)

remain unclassified in the current iteration, as their dis
patch probabilities are not high enough to be classified 
as dispatched, and not low enough to be classified as 
postponed. In later iterations, the dispatch scores of the 
unclassified requests are expected to change because of 
the updated action sets dt and pt.

Note that the disjoint property of dt and pt requires 
ɛD ≥ ɛP, because otherwise a request can be marked for 
dispatch and postponement simultaneously, which 
violates the feasibility of the action. Also observe that 
when ɛD + ɛP � 1, the ICD reduces to a noniterative 
procedure, as all requests are marked in one iteration.

4.2.2. Similarity-Based Consensus. Determining the 
optimal threshold values for the threshold-based con
sensus function requires substantial parameter tuning. 
Therefore, we develop an additional parameter-free 
consensus function that selects a scenario solution with 
the lowest average Hamming distance to the other sce
nario solutions. The Hamming distance counts the 
number of requests that two solutions decide on differ
ently in their dispatching actions. We update the partial 
dispatch set by selecting the scenario S∗ whose solution 
aS∗ obtains the minimum average Hamming distance:

S∗ � arg min
S∈S

1
|S |

X

S′∈S
|aS \ aS′ | + |aS′ \ aS | ,

dt � dt ∪ aS∗ :

The intuition behind this particular update is as fol
lows. When the solution that is most similar to all other 
scenario solutions dispatches a request, it is likely that 
most other solutions also made this decision, and dis
patching is a good idea. This solution may also include 
requests that are not as frequently dispatched, as this 
may have been a good choice to balance out the direct 
cost and the future costs for the specific scenario. Thus, 
when fixing a postponement decision, we are more 
conservative: only when all scenario solutions postpone 
the request do we classify it as postponed. The partial 
postponement set is hence updated as

pt � pt ∪ {i ∈ st | i ∉ aS for all S ∈ S}:

5. Numerical Experiments
This section presents the computational experiments that 
show the effectiveness of our ICD algorithm. All numeri
cal experiments are conducted on a single thread of an 

AMD EPYC 7H12 central processing unit (CPU). Our 
code is implemented in Python and is released at https:// 
github.com/leonlan/dynamic-dispatch-waves under the 
MIT license. The static VRPTW-DW problems are solved 
using PyVRP, version 0.6.3, a high-performance and 
open-source heuristic VRP solver implemented in C++
and Python (Wouda, Lan, and Kool 2024). It builds upon 
the hybrid genetic search algorithm of Vidal et al. (2013) 
and Vidal (2022). Specifically for this paper, we extend 
PyVRP with support for dispatch windows to solve the 
VRPTW-DW of Section 3.2. Implementation details of 
PyVRP and its dispatch window extension are given in 
Online Appendix B.

The rest of this section is structured as follows. We 
describe test instances in Section 5.1. Sections 5.2 and 5.3
describe the benchmark algorithms and their parameter 
settings, respectively. Section 5.4 presents the numerical 
results for our test instances and investigates the individ
ual components of ICD. Finally, in Section 5.5, we evalu
ate ICD on instances from the EURO Meets NeurIPS 
2022 Vehicle Routing Competition.

5.1. Benchmark Instances
Benchmark instances for the DDWP are based on the 
topologies of the extended Solomon instances (Hom
berger and Gehring 1999). We replace the existing 
time windows of these instances with a new time win
dow generation process to better control the stochastic 
dynamics of the benchmark instances. We consider all 
of the three location dispersion sets of the Solomon 
instances: randomly distributed (R), clustered (C), and 
randomly distributed and clustered (RC). Two large 
static instances with 1,000 customers from each of 
these three categories are considered. Specifically, we 
select R1_10_1 and R2_10_1 for R, C1_10_1 and 
C2_10_1 for C, and RC1_10_1 and RC2_10_1 for RC. 
The Euclidean distance between each combination of 
two locations in these static instances is normalized 
such that the furthest location can be served within at 
most one epoch duration. Moreover, we assume that 
the travel cost and duration between locations are 
equal to the travel distance.

We now explain how the dynamic instances for the 
DDWP are created. The planning horizon of H� 8 hours 
is discretized into eight epochs, T � {1, : : : , 8}, of equal 
duration (one hour each). At each epoch t, we sample Nt 
requests and their attributes. To adequately capture the 
dynamics of different arrival processes, two types of 
arrival processes {Nt}t∈T are considered. We call these 
two arrival processes homogeneous and unimodal, respec
tively, and illustrate them graphically in Figure 1. The 
number of arrivals in both arrival processes follows a 
discrete uniform distribution with bounded support on 
[⌊0:9E[Nt]⌋, ⌊1:1E[Nt]⌋]. For the homogeneous arrival 
process, the expected number of arrivals remains con
stant at E[Nt] � 75 requests for every epoch t in T . The 
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unimodal process has epoch-dependent arrival rates 
with a peak in the middle of the planning horizon. The 
expected arrivals in the eight epochs are (20, 50, 80, 150, 
150, 80, 50, 20) delivery requests, where the tth element 
in the sequence denotes E[Nt].

Request attributes corresponding to location, demand, 
and service time are sampled uniformly and indepen
dently from the static instance. For the time windows, 
we examine six variants, which are characterized by 
width and type. We consider three different maximum 
time window widths: two hours, four hours, and eight 
hours. For every request, the width of the time window 
is sampled from a discrete uniform distribution between 
one and the maximum time window width. Let Wi 
denote the width of the time window for request i. We 
examine two types of time windows: deadlines and reg
ular time windows. Deadlines are defined such that the 
time window starts at the request’s release time ri and 
ends at ri +Wi. Regular time windows begin at a time 
point uniformly sampled between the request’s release 
time ri and the planning horizon H. They end at this 
starting time plus Wi. Finally, all time windows are trun
cated to end no later than the planning horizon. We label 
the resulting variants as DL2, DL4, DL8, TW2, TW4, and 
TW8, where DL represents deadlines, TW represents 

regular time windows, and the digit indicates the maxi
mum time window width in hours. The time window 
variants DL2 and TW2 are visualized in Figure 2.

In total, we have three topologies, two arrival pro
cesses, and six time window variants. We use a full fac
torial design of these different parameters and consider 
all 36 combinations of these parameters.

5.2. Benchmark Algorithms
We implement several variants of the ICD algorithm. 
The first variant uses the double-threshold consensus 
function of Section 4.2.1, which we refer to as ICD-double. 
The second variant uses the Hamming distance consen
sus function of Section 4.2.2, and we refer to this variant 
as ICD-Hamming. We also consider two variants that use 
only a single threshold, which allows us to study the 
marginal contributions of both dispatch and postpone
ment thresholds. The ICD variant with only a dispatch 
threshold closely resembles the DSHH of Hvattum, 
Løkketangen, and Laporte (2006), and we similarly refer 
to this variant as DSHH. The other single-threshold vari
ant uses only a postponement threshold, and we refer to 
this variant as ICD-postpone. Because the ICD-postpone 
variant does not explicitly classify dispatch requests, the 
final action at is determined by the requests that are not 

Figure 1. (Color online) The Expected Number of Arrivals per Epoch for the (Left) Homogeneous and (Right) Unimodal Arrival 
Processes 

Figure 2. (Color online) Two Dynamic Instances with 10 Requests per Epoch and a Maximum Time Window Width of Two 

Note. The left panel shows an instance with deadlines, and the right panel shows an instance with regular time windows.
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postponed, that is, at � st \ pt. Finally, we also imple
ment a rolling horizon (RH) policy for comparison. The 
RH policy samples only a single scenario and uses the 
solution to this instance to determine which requests to 
dispatch. Note that the RH policy can be interpreted as a 
variant of ICD-Hamming using just a single sample sce
nario and one iteration. All algorithms are compared 
against the cost of the solution obtained from heuristi
cally solving the hindsight problem using PyVRP (see 
Section 3.2).

5.3. Parameter Settings
All of the ICD variants employ three iterations, 30 sce
narios per iteration, and one look-ahead epoch. The 
ICD parameters were selected based on manual testing 
and observations from the related literature (Hvattum, 
Løkketangen, and Laporte 2006; Voccia, Campbell, 
and Thomas 2019). To find the best threshold para
meters, we evaluated the threshold-based ICD var
iants on 36 dynamic instances featuring homogeneous 
arrival processes, and we generated five different re
quest realizations for each. Four separate values for 
both the dispatch threshold (0.4, 0.5, 0.6, 0.7) and the 
postponement threshold (0.2, 0.3, 0.4, 0.5) were tested. 
ICD-double was evaluated on a full factorial design 
of these threshold values, whereas DSHH and ICD- 
postpone were evaluated using only the dispatch and 
postponement values, respectively. The best results for 
ICD-double were achieved with dispatch and post
ponement thresholds of ɛD � 0:5 and ɛP � 0:2, respec
tively. DSHH obtained the best results with a dispatch 
threshold of ɛD � 0:5, and ICD-postpone obtained the 
best results with a postponement threshold of ɛP � 0:3. 
For the RH policy, we use one look-ahead epoch.

The total solving time in a single epoch is set to just 
120 seconds. We keep this time limited to ensure our 
methods can be applied in practical same-day delivery 
settings, where dispatching decisions also need to be 
made quickly. In each epoch, the ICD methods solve 
90 scenarios in total, to which we assign a time budget 
of 90 seconds, meaning that ICD solves each scenario 
using a time limit of only one second. Then, an addi
tional 30 seconds is spent on computing a route plan 
and associated cost for the selected dispatching action. 
Although our implementation does not leverage par
allelization, it is important to note that the scenario- 
solving process could be easily parallelized to sub
stantially reduce the total solving time. The RH policy 
uses the full 90 seconds to solve one scenario and 
30 seconds to compute the route plan. The hindsight 
solution is obtained by solving the hindsight problem 
for 600 seconds.

An important element of the ICD framework is to 
solve the static scenarios as efficiently as possible. We 
refer the reader to Online Appendix B.3 for the 

parameter tuning procedure of the static solver to solve 
scenarios well.

5.4. Results on the Benchmark Instances
In this section, we evaluate performance on the 36 in
stance classes described in Section 5.1. For each instance 
class, we generate 200 different dynamic instances (100 
per selected static instance in each of the R, C, and RC 
sets). This results in a total of 7,200 instances. Each 
method is run on all 7,200 instances, and we record the 
final cost of each such run. Table 1 presents an over
view of the results. It presents the average percentage 
gap to the cost of the hindsight solution for each 
method and instance class. Entries in bold indicate the 
best average gap for each instance class (row). Further
more, an asterisk next to the best result indicates that 
the superior performance of the method is significant at 
the 0.05 level compared with all other methods in pair
wise t-tests (with Bonferroni correction). A complete 
table of the statistical test results can be found in Table 
A.1 in Online Appendix A.

Table 1 shows that among all instance classes, ICD- 
double solutions have an average gap of 8.05% com
pared with the hindsight solutions. On average, ICD- 
double has a lower gap by 1.5%, 0.7%, 1.6%, and 0.8% 
compared with RH, DSHH, ICD-postpone, and ICD- 
Hamming, respectively. When we consider results by 
instance class (an individual row in Table 1), ICD- 
Hamming and ICD-double are better on average in 33 
out of 36 instance classes, and ICD-double’s improve
ment is statistically significant for 14 out of 36 instance 
classes. Deadline instances are arguably easier and 
allow for less significant savings by correctly anticipat
ing future orders, as evidenced by the lower gaps of all 
methods on these instances compared with the hind
sight solutions.

Several observations emerge from the benchmark 
results. First, under a single-threshold consensus func
tion (DSHH or ICD-postpone), it is generally better to 
operate with a dispatch threshold rather than a post
ponement threshold. We believe that this is because the 
postponement threshold depends only on sampled 
future request realizations. In contrast, dispatch thresh
olds also take into account immediate costs that are 
based on already-known requests across all scenarios. 
Therefore, dispatch thresholds make for a more reliable 
consensus function with less noise. Second, there is 
value in dispatching and postponing simultaneously: 
there is a notable difference in performance between 
iterative methods with one-sided decisions (DSHH and 
ICD-postpone) and iterative methods with two-sided 
decisions (ICD-Hamming and ICD-double). When we 
reduce the total expected number of requests from 600 
to 450 and further to 300 (Table 2), these differences 
persist. This shows the benefits of simultaneous dis
patching and postponement decisions, even when the 
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scenario instances are considerably smaller. For smaller 
instances with 300 expected arrivals, the nonparametric 
ICD-Hamming solution obtains very good results. As 
the instances increase in size, however, the single- 
scenario solution that ICD-Hamming uses is outper
formed by the threshold-based ICD-double algorithm, 
which uses information from all scenario solutions. The 
extended results for 300 and 450 total expected requests 
can be found in Online Appendix A. Third, the ICD 
algorithms (except ICD-postpone) generally perform 
better than RH, showing that there is value in consider
ing multiple scenarios and iterations. Among instance 
classes with unimodal arrival processes and time win
dows, the noniterative RH policy obtains good results. 
In such instances, many requests can be postponed 
until the final epochs. This may lead to very large 

scenario instances, which, under tight time limits, may 
favor a single, optimized routing solution. Neverthe
less, ICD-double still achieves better results than RH in 
the majority of the instance classes (34 out of 36).

Next, we conduct further experiments to shed light 
on the inner workings of ICD and highlight how 
important parameter settings affect the algorithm’s per
formance. We restrict these additional experiments to 
the benchmark instances with unimodal arrival pro
cesses and time windows. All parameters are as in Sec
tion 5.3 unless mentioned otherwise.

5.4.1. Solving Time per Scenario. Varying the time 
allocated to solving sample scenarios, we evaluate the 
impact of ICD on the solution of sample scenarios and 
the impact on the overall solution of the complete 

Table 1. Overview of Results

Instance Methods

Topology Arrival TW RH DSHH ICD-postpone ICD-Hamming ICD-double

R HOM DL2 4.02 2.66 3.07 2.46 2.57
DL4 8.66 6.84 8.00 6.38 6.35
DL8 11.74 10.20 12.35 9.86 9.73
TW2 13.38 12.40 13.47 12.64 11.02*
TW4 13.84 13.07 14.29 13.49 11.76*
TW8 13.52 13.17 14.10 13.54 11.66*

UNI DL2 4.74 2.73 3.01 2.78 2.69
DL4 10.20 8.03 8.87 7.79 7.56
DL8 13.55 12.13 13.17 12.19 11.41*
TW2 14.15 15.12 14.91 15.39 13.40*
TW4 14.77 15.86 15.91 16.48 14.46
TW8 14.63 16.24 16.20 16.90 14.56

C HOM DL2 1.80 0.12 0.16 0.15 0.12
DL4 3.00 1.41 1.91 1.29 1.38
DL8 4.28 3.12 4.45 2.88 3.08
TW2 7.68 6.39 7.99 6.48 5.99*
TW4 7.29 6.38 8.11 6.39 5.70*
TW8 6.67 5.92 7.38 5.97 5.29*

UNI DL2 2.20 0.12 0.16 0.17 0.12
DL4 4.65 2.63 3.16 2.63 2.55
DL8 6.77 5.10 6.39 5.12 5.02
TW2 9.95 9.91 11.15 10.25 9.21*
TW4 9.98 10.14 11.14 10.75 9.53*
TW8 9.63 10.15 10.64 10.77 9.26

RC HOM DL2 3.33 2.29 2.76 2.08 2.23
DL4 7.79 6.33 7.87 5.94 6.19
DL8 10.83 9.76 12.27 9.39 9.36
TW2 12.84 11.95 13.09 12.09 10.67*
TW4 13.57 12.95 14.48 12.92 11.65*
TW8 13.07 13.00 14.42 13.04 11.59*

UNI DL2 4.41 2.49 2.75 2.37 2.34
DL4 10.47 7.45 8.63 7.43 7.28
DL8 14.37 11.60 13.34 11.59 11.25
TW2 14.21 15.24 15.33 15.45 13.61*
TW4 14.59 16.19 16.38 16.30 14.67
TW8 14.37 16.10 16.38 16.54 14.72

Average 9.58 8.76 9.66 8.83 8.05

Notes. The values represent the average percentage gaps with respect to the hindsight solutions over 200 different instances with 600 expected 
total requests. The best average gap in each row is marked in bold. An asterisk indicates that the method is statistically significantly better than 
the other methods for that instance at the 0.05 level (with Bonferroni correction). HOM, Homogeneous; UNI, unimodal.
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dynamic problem. We vary the amount of time spent 
solving a single scenario among 0.25, 0.5, 0.75, 1, 2, and 
4 seconds (recall that the default is 1 second). The time 
to compute the direct cost remains fixed at 30 seconds 
for all considered scenario time limits. We compare 
all results to the hindsight solutions obtained after 
600 seconds. The results are presented in Figure 3, 
which shows the average gap with respect to the hind
sight solution versus the solving time for a single sce
nario. As the sample scenarios are solved with more 
time, the resulting solutions provide a better trade-off 
in minimizing the immediate and future costs. When 
increasing the solving time from 0.25 seconds to 
1 second, the average percentage gap decreases by 
2.5%–4% across all methods. Increasing the solving 
time even further continues to improve the solutions, 
but at diminishing returns. These observations are 
consistent with the convergence curve of our static 
solver on general VRP instances, showing that the 
improvement from obtaining better static solutions 
translates to its dynamic counterpart.

5.4.2. Number of Iterations. In the next experiment, we 
alter the number of iterations while keeping all other 

ICD and consensus function parameters constant. We 
test the number of iterations using the values 1, 2, 3, 5, 
10, and 15. Figure 4 illustrates the average gap with 
respect to the hindsight solution versus the number of 
iterations. For the threshold-based consensus func
tions, the optimal number of iterations is found to be 
three. This also supports the choices made in the initial 
parameter value selection of Section 5.3. For ICD- 
Hamming, the ideal number of iterations in this exper
iment is one. We note that on the complete set of 
instances, as presented in Table 1, the overall perfor
mance of ICD-Hamming with three iterations was bet
ter than with one iteration, because of its superior 
performance on the deadline instances. Remarkably, a 
single iteration for the ICD-Hamming method per
forms substantially better than the other methods 
using only one iteration. This can be in part explained 
by the fact that the Hamming distance consensus func
tion selects a complete scenario solution for which the 
immediate reward is known. The threshold-based 
methods select requests that do not necessarily form a 
coherent route plan, as the requests are selected based 
on their relative dispatching frequency, not how often 
they are dispatched together. The dispatching action 

Figure 3. (Color online) Average Percentage Gaps to the Hindsight Solution vs. the Solving Time in Seconds per Scenario 

Table 2. The Average Percentage Gap to the Hindsight Solution for Different Total Expected 
Numbers of Requests

RH DSHH ICD-postpone ICD-Hamming ICD-double

300 arrivals 12.58 10.57 11.84 9.93 10.03
450 arrivals 11.12 9.61 10.76 9.36 8.96
600 arrivals 9.58 8.76 9.66 8.83 8.05
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after one iteration thus does not necessarily result 
in efficient route plans. Instead, the threshold-based 
methods refine this dispatching action in subsequent 
iterations, given that part of the dispatching action 
is already determined. As the number of iterations 
increases beyond three, the trade-off between refining 
the dispatching action and solving scenarios becomes 
unfavorable. For example, using 10 iterations with the 
selected parameters results in solving 300 scenarios 
instead of 90 scenarios within the same time budget. 
This aligns with the earlier observation that allocating 
too little time to solving scenarios leads to worse over
all performance.

5.5. Results on the EURO Meets NeurIPS 2022 
Vehicle Routing Competition Instances

This final section evaluates the ICD-double algorithm on 
instances from the EURO Meets NeurIPS 2022 Vehicle 
Routing Competition (Kool et al. 2023). In the following, 
we abbreviate the competition name as EURO–NeurIPS.

The EURO–NeurIPS competition presented two VRP 
variants that needed to be solved: a static VRPTW and 
a dynamic version thereof. We focus on the dynamic 
problem variant, which is also precisely what we for
mulated as the DDWP in this work. The main differ
ences between the instances used in the competition 
and our work are the characteristics of the static in
stances and how the requests are sampled. In the com
petition, an instance of the DDWP is created by 
sampling at each decision epoch 100 requests from a 
static VRPTW instance. However, sampled requests 
that cannot be served on time are disregarded, meaning 
that the number of requests to be served is often much 
lower, especially in later epochs. Depending on the 

static instance, the total number of epochs ranges be
tween five and nine, leading to a total number of 
requests ranging between 350 and 600.

After a four-month qualification phase, the 10 best 
algorithms were evaluated on 100 final hidden instances 
with a time limit of 120 seconds per epoch. We evaluate 
ICD-double on these 100 instances for the same time 
limit of 120 seconds, as well as longer time limits of 180 
and 600 seconds, and compare with results from the 
competition. In the competition, the algorithms were 
evaluated on a single core of an Intel Xeon Gold 5118 
processor with a CPU PassMark score of 1,808, which is 
slightly lower than the CPU PassMark score of 2,014 of 
the CPU that we used. To provide a fair comparison, 
we compensate for the CPU differences by reducing 
our time limits by a factor of 1, 808=2, 014. Moreover, 
we did not change our parameters or implementation 
from the ones used in the benchmark instances in pre
vious sections.

Figure 5 shows the average percentage gap to the 
hindsight solution for each final team, along with three 
lines of the ICD-double algorithm for a given epoch 
time limit. The ICD-double algorithm with the 120- 
second time limit would have ranked second and has a 
0.8% gap over the best result. With a slightly longer 
time limit of 180 seconds, ICD-double is only 0.6% 
away, and increasing the time limit even further to 600 
seconds decreases this gap to 0.3%. These results align 
with our earlier observations (see Figure 3), where 
increasing the time to solve a single scenario improves 
overall performance.

We briefly summarize the contributions of the top six 
teams. It is important to note that all teams were pro
vided with a state-of-the-art VRPTW solver by Kool 

Figure 4. (Color online) Average Percentage Gaps to the Hindsight Solution vs. the Number of Iterations in the ICD Method 
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et al. (2022). PyVRP is built on top of the same static 
solver with marginal performance differences, mean
ing that differences between our ICD-double and other 
methods are mainly because of differences in the dy
namic aspect of the algorithm. Team Kleopatra (Baty 
et al. 2024) proposed a machine learning pipeline to 
predict a prize associated with each request, quantify
ing how favorable it is to dispatch a request in the cur
rent epoch. They trained their model on the solutions of 
hindsight instances and solved a prize-collecting vari
ant of the VRPTW in each decision epoch using the 
predicted prizes. Team_SB (Kwon et al. 2022) also pro
posed a machine learning–based approach. They 
trained two neural networks, one that predicted priori
ties for requests and one that selected requests that 
must be dispatched. With the predicted priority values, 
they solved a VRPTW with a modified cost function 
from which they determined which requests to dis
patch. We, the author team, participated under the team 
name OptiML (van Doorn et al. 2022), and our submit
ted approach was a variant of the ICD-postpone algo
rithm with parameters tuned for the EURO–NeurIPS 
instances that were known to us during the qualification 
phase of the competition. HustSmart (Li et al. 2022) heu
ristically defined penalties for each request based on the 
static instance data. They then solved a variant of the 
VRP with penalties and dropping visits, which can be 
seen as a variant of the prize-collecting VRP. Orberto
Hood (Hildebrandt et al. 2022) was the only other final
ist who also used an online sampling-based approach. 
Their approach samples a set of scenarios and then 

solves a sample average approximation problem to esti
mate the marginal costs of dispatching or postponing 
each request. They solved the problem using column 
generation and used the resulting solution to determine 
which requests to dispatch. Finally, UPB (Dieter 2023) 
proposed a regret policy that analytically computes a 
regret value for each optional request. The regret value 
is the potential value that would be missed if a request 
were dispatched in the current epoch, and their algo
rithm postpones all requests with a regret value above a 
certain threshold.

6. Conclusions
This paper studies a variant of the dynamic dispatch 
waves problem in which the goal is to minimize the 
total routing costs while serving all incoming delivery 
requests on time. We propose the iterative conditional 
dispatch algorithm, which iteratively solves sample sce
narios to classify requests to be dispatched or post
poned, or leaves this decision to be determined for the 
next iterations. The most competitive variant of the 
algorithm uses a double-threshold consensus function, 
which classifies requests based on their dispatching fre
quency in the resolved sample scenarios. We addition
ally develop a parameter-free consensus function based 
on the Hamming distance. Numerical experiments on a 
wide variety of instances demonstrate that ICD with the 
Hamming distance consensus function generates com
petitive solutions compared with the dynamic stochas
tic hedging heuristic of Hvattum, Løkketangen, and 

Figure 5. (Color online) Results for the Final 100 Instances of the EURO–NeurIPS Competition 

Note. Each line indicates the average percentage gap to the hindsight solution obtained by ICD-double for a given time limit (120, 180, or 600 
seconds).
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Laporte (2006), whereas ICD with a double threshold 
improves over both methods by as much as 2% on aver
age for some instance classes. Additional experiments 
show that spending sufficient computational time to 
solve scenario instances is important to obtain overall 
good performance, but that there are clear diminishing 
returns. We find that the threshold-based variants of 
ICD obtain their best performance with three iterations, 
and increasing the number of iterations typically results 
in inferior solutions because of the reduced time avail
able for solving scenarios. Finally, we show using 
instances from the EURO Meets NeurIPS 2022 Vehicle 
Routing Competition that our ICD method with the 
double threshold achieves excellent results.

The performance and simplicity of the ICD algorithm 
show a promising avenue for extension to other dynamic 
vehicle routing problem variants. In future work, we 
intend to apply ICD to other problems, including routing 
problems such as the same-day delivery problem with 
continuous arrivals (Voccia, Campbell, and Thomas 2019) 
and dispatching problems with ad hoc fleet arrivals 
(Arslan et al. 2019).
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