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1 Proofs of the theorems

1.1 Proof of Theorem 1

We begin by showing that, without valid inequalities (1i) and (1j), the optimal solution of the continu-
ous relaxation of the 3T-DPPT can be arbitrarily small. Consider an instance with a single customer,
C = {c}, a single in-stop S™ = {51} and a single out-stop S°"* = {ss}. The instance consists of one
truck and one courier. Assume that both the truck and the courier have enough capacity to carry c’s
parcel, that ¢’s time window corresponds to the entire planning horizon, and that W™* and L™#*
are equal to the planning horizon’s length. Consider a bus line running through s; and s, with n

buses scheduled during the time horizon, i.e., P = {pi1,...,pn}. Because of the assumptions above,
Pin — fpout =P
s1C S2C °

Then set RP consists of routes of type (o, s1,0), with one route for each feasible start time. Analogously,
RY consists of routes of type (s2,c, s2), with one route for each feasible start time. All the routes in
RP have the same cost ¢p, and all the routes in RY have the same cost cp.

Consider a route rg € RP such that ¢, o1 < tht and a route r 7€ RY such that ¢, 152 2 thr. An optimal

solution of LP(17) is: z, = yr, = 1 and 2. = 20, = 1 for all p € P. This solution satisfies

constraints (1b)-(1h), and results in an objective value of 1(cp + cp). Considering an instance with
a sufficiently large number of buses n, then, one can make the objective value as small as desired.

We now consider the optimal solution of LP(1) for the same instance, i.e., the optimal solution of
formulation 1 where (1i) and (1j) are included. Whatever the value of variables z and y in the
solution of the relaxation, because of constraints (1i) and (1j), their respective sum is equal to 1. Thus

the solution value is ¢p + cp and L%f&gl_)) =7 ECDDJ;CSF)

= n which tends to infinity for n — oo. O

More in general, constraints (1i) and (1j) guarantee that the value of LP(1) is always positive with
a lower bound corresponding to the sum of the least cost route in R® and RF. This lower bound is
invalid in case constraints (1i) and (1j) are removed.

1.2 Proof of Proposition 1

To prove that Lp, dominates Lp, we shall prove that: (i) Lp, can be extended to any complete route
(i.e., ending at the CDC) to which Lp, can be extended, and (ii) the corresponding extension of Lp,
has a cost better or equal than the extension of Lp,.

Assume that Lp, is extended by a sequence of nodes (s1,¢1),. .., (Sg, ¢x). This implies that s; € Sp, C
Sp,, ¢ €Cp, CCp,,fori=1,...,k, and Zle qc; < Qp, < Qp,. Therefore, Lp, can also be extended
by the same sequence, thus proving (i). Now, the cost function for the extension of Lp, to a node
w = (s,¢) € Vis

CP1+w (t) = Vsc(t) + CPl (t - tvw) + cpw < Vsc(t) + CPQ (t - tvw) + Cyw = CP2+w (t)7

where v = vp, = vp,. Hence, any sequence of extensions applied to both labels Lp; and Lpy will give
routes in which the cost of the former is always better or equal to the cost of the latter, thus proving
(ii). O
As mentioned in Section 5.1.1, a key factor for the correctness of the dominance rule presented above
is that the reduced cost associated with the label is calculated with respect to the ending vertex of

the path, i.e., Cp(t), and not with respect to the starting time from the CDC, Cp(t), as done by
Tagmouti, Gendreau and Potvin (2007). Indeed, consider the example depicted in Figure 1 where, for



Figure 1: Example graph highlighting the importance of using Cp(t) over Cp(t) in the dominance
rule.
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Figure 2: Cost functions of paths ending at vertex d (left) and paths extended to vertex j (right).
Costs are in function to starting time from the CDC (as in Tagmouti, Gendreau and Potvin 2007).

ease of exposition, we do not consider the capacity constraint and where the numbers close to each
arc are the corresponding travelling times.

The red and blue paths both end at vertex d. The total travel time is four for the blue path and six
for the red one. We now extend the paths to vertex j. In our instance, the cost functions associated
with each vertex of the graph are constant zero, except for vertices a and j where they are

Colt) = 1 fort <2 Cilt) = 200 fort <6
1100 fort > 2 A for t > 6.

If we used the rule proposed by Tagmouti, Gendreau and Potvin 2007, calculating the costs with respect
to the starting time from vertex the CDC, i.e., using Cp(t), we would obtain the costs depicted in
Figure 2 (left). The blue and red paths have the same cost for all values of ¢t. Because the total travel
time of the blue path is lower, it would dominate the red one. However, extending both labels to
vertex j we get the costs depicted in Figure 2 (right). Here we see that the red path is no longer
dominated because it has a lower cost for start times ¢ < 1. In this example, in fact, it is preferable
to arrive soon to node a but late to node d. Since trucks cannot wait at nodes, it is better to take a
longer route between nodes a and d. Figure 3 shows the costs of the blue and red paths at vertex d,
when computing costs using the arrival times at the nodes, i.e., using cost function Cp(t).

This example shows that we cannot apply the rule proposed by Tagmouti, Gendreau and Potvin (2007)
to our case because trucks cannot wait along the route, and cost functions associated with nodes might
be decreasing.

As a side note, we remark that there exists some ambiguity in the problem setting presented in
Tagmouti, Gendreau and Potvin 2007. On one side, the compact problem formulation presented in
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Figure 3: Cost functions of paths ending at vertex d, in function to arrival times (i.e., Cp(t)).

the paper allows for waiting at customers. However, the problem description states that waiting is not
allowed. Moreover, the way in which the cost function associated with each partial path is calculated
is such that waiting at customers is not allowed.

2 A MIP approach to the pricing subproblem

The pricing problem SP, can be tackled as a MIP and solved using a black-box solver. On small
instances for which we can solve SP, to optimality, the MIP formulation usually performs worse
than the specialised approaches presented in Sections 5.1.1 and 5.1.2. Even when solving the pricing
problem heuristically, the methods of Section 6.1 produce columns with lower reduced cost in a shorter
time. On the other hand, the advantage of the MIP approach is that it promptly provides us with a
lower (dual) bound on the reduced cost of a truck column. Such a bound can be exploited to obtain
a dual bound for the entire 3T-DPPT, as in Section 3.1.

Keeping in mind the notation introduced in Table 1, consider variables w;; € {0,1} defined for
i,j € {0} US™ (i # j) and taking value 1 iff j is visited immediately after i. Let m5s > 0 be a variable
representing the departure time from s € S™, if s is visited. Let 5. € {0,1} be a binary variable
taking value 1 iff the route delivers the parcel of ¢ € C at in-stop s € S™. Finally, let dspe € {0,1} be
a binary variable taking value 1 iff the route delivers the parcel of ¢ € C at in-stop s € S™™ at a time
compatible with pick-up by bus p € P, Then a MIP model to solve SP, reads as follows:

min E Cij Wi+
i,j€{o}uSn

> % At

ceC seSin

YD D A (1a)

c€C seSim pePiy

s.t. Z Wog = Z Weo = 1 (1b)

SeSIn seSIn

Z Wes = Z Wy's Vs e S™ (1c)
s'e{o}usSin s'e{o}uSin

s'#s s'#s
i+ Lij + T — M(1 —w;j) <, Vi, j € SmU{0}, i #75,5#0 (1d)
m; < i+ L + Ty + M (1 — wij) Vi,j € SMU{0}, i #j,j#0 (le)
t5— W™ — M(1 = Sgpe) < 7 VeeC, Vs eS™ Vpe Pl (1f)
s <54+ M(1 = Sepe) VeeC, Vs eS™, Vpe Pl (1g)



Set

Description

S Set of bus stops.

C Set of customers.

P Set of buses.

ShcS Stops where buses can pick parcels up (in-stops).

8;" casin In-stops served by bus p € P.

Sin c g™ In-stops that can be used to deliver a parcel to customer c € C.

PncCp Buses serving in-stop s € S™ at a time compatible with carrying the parcel of customer ¢ € C.
Parameter Description

0 Location of the CDC.

cij >0 Truck travel cost from location i to j; 4,5 € {0} US™.

li; >0 Truck travel time from location i to j; 4,5 € {o} US™.

Ts >0 Service time at bus stop s € S,

ty >0 Scheduled arrival time of bus p € P at stop s € Sli,“.

wmax >0 Maximum time a parcel can wait at a stop.

Q° >0 Truck capacity.

M >0 A sufficiently large number.

Variable Description

wij € {0,1}  Takes value one if and only if the truck travels directly from location i to j; i,5 € {o} U S™.

ms >0 Truck departure time from in-stop s € S™. Its value is unspecified if the truck does not visit in-stop s.
vse € {0,1}  Takes value one if and only if the truck delivers the parcel of customer ¢ € C at in-stop s € S™.
Ospe €  Takes value one if and only if the truck delivers the parcel of customer ¢ € C at in-stop s € S at a time
{0,1} compatible with pick-up by bus p € P2,

Table 1: Main notation used in Section 2.

Sspe < Vse YeeC, Vs € S, vp e P

Yse < Z 5spc VeelC, Vs e S(I:n
pEPR

Ve S Y wig VeeC, Vs e St
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ceC

Y Ve <1 YeeC

seSin
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ceC seSe

wij € {0,1} Vi,j € {o}US™, i #

ms >0 Vs e S
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Sspe € {0,1} VYeeC, VseSh Vpe P

where M > 0 is a sufficiently large number. The objective function (1a) minimises the reduced cost of
the route (but for constant term A('?)). Constraints (1b) and (1c) are classical arc-based formulation
constraints ensuring flow, elementarity, and starting and ending at the CDC. Constraints (1d) are
MTZ-like constraints used to set the value of variables 7, while Constraints (1e) forbids the truck to
delay its route at a stop. Variables m and ¢ are linked through constraints (1f) and (1g); v and ¢
through constraints (1h) and (1i); w and ~y through constraints (1j) and (1k). Finally, constraints (11)
ensure that each parcel is delivered at most once, and (1m) make sure that the truck’s capacity is

respected.



3 Details of the bounding techniques

3.1 Lagrangean bound

Consider an optimal solution to the RRMP when potentially not all negative reduced cost columns
have been generated. The corresponding dual solution, which we denote with ), can be unfeasible
for the dual of MPyonr. This is because a missing column in RRMP may correspond to a violated
constraint in the dual. Therefore, its objective value Z is not a valid dual bound for MP¢oyy. The
key idea behind the first bounding technique is to provide a way to restore the dual feasibility of \.
In this way, we obtain a new dual-feasible solution A with dual objective value Z. By weak duality, Z
is a valid dual bound for MP¢onr and, therefore, for the 3T-DPPT.

Let ZP be a lower bound for the minimum reduced cost of a truck route, and ZF be a lower bound
for the minimum reduced cost of a courier route starting from s € S°". In other words, the following
inequalities hold for ZP and Z}":

22 < wig fe AV S ) 2

ceCr ceCr pEP: sESZC,’St
st. reRD .
zF < min {o X0 - YA -3 2 agel ®)
reRs ceCy ceCr  pePe
s.t. TEREPC

Consider now the dual solution X obtained from A modifying the following components:
3(b) — 3(1b) _ 7D (4)
AT = X9 — ZF vs e s (5)

Theorem SM.1 establishes that ) is, indeed, feasible for the dual of MPonr. The corresponding dual
bound Z, takes value

Z=7— (N _3) . pj— 37 (39— 3(9) . n,.

seSout

Theorem SM.1. Dual solution A obtained modifying A according to (4) and (5), and keeping all
other components equal, is feasible for the dual of MP¢onr.

Proof. Violated dual constraints correspond to missing primal variables z and y. There are two families
of such constraints:

ALY ALY Y Y A< wer® (@

ceC, ceC,. pEP. SGng‘t
s.t. TER?pC
e R PSR N NP e s Vs € S, r € RE. (7)
ceC, ceC PEP.
s.t. reRF

spc

Furthermore, AP) only appears in (6) and A(19) only appears in (7). It follows that we shall prove
that A(IP) satisfies (6) and non-negativity constraints and that A\(1®) satisfies (7) and non-negativity
constraints.

Indeed, (2) and (4) imply that (6) is satisfied. Analogously, (7) follows from (3) and (5). Finally, we
remark that the RHS of (2) and (3) are non-positive if negative reduced cost columns are missing from
the reduced sets, and thus the non-negativity of A(*?) and A1) follows. In case any of the two RHS
is strictly positive, then one can always set the corresponding LHS (ZP or ZF) equal to zero. In this
case, the corresponding component of A is equal to the original component in \, and this component
satisfies both the dual constraint and the non-negativity condition. O



Finally, we explain how to obtain lower bounds Z® and Z¥. Because, in practice, we can always solve
SP, to optimality in fractions of a second, we simply use the RHS of (3) as the value of ZF'. We
then focus on ZP. A straightforward approach to bound the reduced cost of a truck route involves
relaxing some of the constraints of SP,. In particular, one can relax the “hard” in-stop and customer
elementarity constraints by applying the state-space relaxation technique (Christofides, Mingozzi and
Toth 1981) to the labelling algorithms proposed in Sections 5.1.1 and 5.1.2. In practice, however, such
relaxed subproblems are still time-consuming and produce loose bounds. Therefore, we decide to use
a dual bound from the MIP model introduced in Section 2. We solve the model with a black-box
solver and a short time limit and use the best dual bound returned by the solver.

3.2 Decomposition bound

We solve the GVRPTW introduced in Section 5.3 via branch-price-and-cut, adapting the algorithm
presented by Pessoa et al. (2023). We make two modifications to their model. First, we add support for
time windows, introducing a time resource and appropriate bounds in the pricing problem. Second, we
change the VrpSolver (Pessoa et al. 2020) edge mapping to consider a directed graph and an asymmetric
vehicle routing problem. The reason is that once time windows are introduced, the direction in which
each route is traversed becomes essential.

4 Generating an initial set of first-tier columns

To initialise the column generation algorithm, we populate RP and RF with dummy columns which
have: (i) a very high cost ¢,; (ii) coefficient zero in all inequalities (1b) and (1c); (iii) coefficient one
in all inequalities (1g), (1h), (1i) and (1j). Any solution of MP which selects a dummy column is
infeasible for the 3T-DPPT.

Algorithm 1 Procedure to generate the initial columns of RP.

1: C+ 0 > set of covered customers
2: R+ 0 > set of routes without start time
3: Phase 1: greedy creation
4: while C # C do
5: r < (0) > create an empty route
6: Qr <0 > initialise truck used capacity
7: S« Sin > available in-stops
8: while S # () and Q. < QP do
9: Let s be the stop in S closest to the endpoint of r
10: Append s to r
11: S+ S\ {s} > update available in-stops
12: for c € (C\C)ﬂCs do
13: if Qr + ¢. < QP then
14: Route r will deliver ¢ at s
15: Qr +— Qr + ¢ > update truck capacity
16: C+Cu{c} > update covered customers
17: R+ RU{r} > Add new route to initial set

18: Phase 2: greedy augmentation
19: for r € R do
20: for in-stop s visited by r do

21: for customer c not covered by r do > ¢ is covered by another route
22: if Qr + gc < QP then

23: Route r will deliver c at s

242 Qr «— Qr + qc

25: Phase 3: time assignment
26: T < {possible start times}
27: for r € R do B

28: for start time ¢t € T' do

29: r¢ < a copy of r with truck start time ¢

30: for customer c covered by r; do

31: s < in-stop at which r; delivers ¢’s parcel

32: t' < time at which c¢’s parcel is ready for bus pick-up at s, according to 7

33: if ' € O, then > no bus can pick up ¢’s parcel
34: Remove ¢ from route r;

35: RP « RP U {r:}




To speed up the convergence of the pricing algorithm, in addition to the dummy column, we populate
RP with feasible columns generated through Algorithm 1. In the first phase, the algorithm creates a
set of truck routes without specifying their start time. It greedily adds new routes until all customers
are served. In the second phase, for each route, it tries to fill the truck capacity greedily, adding more
parcels to the route. This means that some parcels might be present in more than one route. This,
however, is not a problem due to set-covering constraints (1i) and the fact that constraints (1g) ensure
that exactly one parcel per client will be loaded onto a bus. In the last phase, each route is copied
multiple times, changing its start time. When assigning times, it can happen that a route delivers ¢’s
parcel at an in-stop s at time t/, but there is no bus which can pick up the parcel at a compatible
time, i.e., t' € O, where Oy is defined in A. In this case, such a route would lead to a worse
continuous relaxation because it would cover row (1i) for customer ¢, but not row (1g) associated with
c. Therefore, in the third phase, we remove from each route all parcels with no compatible bus.

5 Detailed numerical results

Table 2 shows the solutions obtained by our methods on the instances from Mandal and Archetti
2023, and a comparison of these with the results for the compact formulation (CF) and with the
best results obtained by the decomposition heuristics (DH) proposed in Mandal and Archetti 2023.
Column Instance is the instance number. The following three columns display the cost of the best
solution found by CF, DH and our work, respectively. An empty cell indicates that the method could
not find any feasible solution for the instance. The columns under the label “Improvement of our
work vs” reports the percentage objective cost improvement of the best of our methods compared
with: CF'; the best of Mandal and Archetti’s decomposition heuristics; and the best between the latter
two, respectively. The summary table at the bottom reports the number of instances in which the best
solution found by our method has better, worse or the same cost as the best solution from Mandal
and Archetti 2023, either CF or DH.

6 The compact formulation of (Mandal and Archetti 2023) and our
improvement

In the following, we detail the modifications required to forbid trucks from waiting at public transit
stops to the formulation presented by Mandal and Archetti (2023). The notation used in that paper
is different from the one used in our paper. The reader should refer to Mandal and Archetti’s Table
1 for the list of sets and parameters and Table 2 for the list of decision variables. The formulation is
presented in (3.1)-(3.35), in Section 1 of (Mandal and Archetti 2023). For the sake of completeness,
we recall here that decision variable tid represents the time at which truck d € D leaves stop u (or the
CDC for u = 0) and binary decision variable wy,q equals 1 if truck d € D traverses arc (u,v). Also,
parameters T&ud and T} represent the time needed by for truck d € D to traverse arc (u,v) and the
service time at stop v, respectively. The following constraints are added to the formulation to prevent
trucks from waiting at public transit stops:

toa < tuq + Tupa + Ty + M(1 = wyea), Vi, j €S™U{0}, i#j, j#0,VdeD (8)

where M > 0 is a sufficiently large number.
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Table 2: Solutions obtained by our methods on the instances from Mandal and Archetti 2023, com-
pared with the results for the compact formulation (CF) and with the best results obtained by the
decomposition heuristics (DH) proposed in the mentioned literature.
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