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Abstract : The personalized crew rostering problem (CRP) consists of assigning pairings (sequences
of flights, deadheads, connections, and rests, forming one or several days of work) to individual crew
members to create a feasible roster that maximizes crew satisfaction. This problem is often solved
using a branch-and-price algorithm. In this paper, we propose a partial pricing scheme for the CRP
in which the column generation subproblem of each crew member only contains the pairings that are
likely to be selected in an optimal or near-optimal solution. The task of selecting which pairings to
include in each network is performed by a deep neural network trained on historical data. We test
the proposed method on several large instances. Our results show that our method finds solutions of
similar quality as that of the classical branch-and-price algorithm in less than half of the computational
time.

Acknowledgements: This work was supported financially by the Natural Sciences and Engineering
Research Council of Canada and AD OPT under grant no. CRDPJ – 477127–14. The authors are
grateful for this support.
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Introduction

Creating good-quality schedules is of great importance for airlines. Although the main focus of airlines
is to minimize employee-related costs, they usually put significant effort in creating schedules that are
satisfactory for their crew members, as employee satisfaction has a positive impact on service quality
and lowers the turnover rate. However, creating such a schedule is challenging from an optimization
standpoint because the instances are generally large (containing several hundreds of crew members
and thousands of flights) and because the problems are highly combinatorial since each task can be
performed by a large number of crew members. For these reasons, crew schedule optimization is still
an active research topic.
Aircrew schedules are usually created according to a two-step procedure: crew pairing followed by
crew rostering. The goal of the crew pairing problem (CPP) is to find a set of pairings that covers a
set of flights at minimum cost. A pairing is a sequence of flights, deadheads (flights that crew members
take as passengers to be relocated), connections, and rests, forming one or multiple days of work for
a crew member. A pairing must start and end at the same crew base (airport where crew members
live) and comply with airline regulations as well as collective agreements. The crew rostering problem
(CRP) use those pairings to create a set of feasible schedules. A crew schedule is a sequence of activities
(pairings, vacations, trainings, ...) for a crew member and a given period (typically a month). The
set of all crew member schedules form a roster. Rosters must satisfy a set of so-called horizontal and
vertical rules (Kohl and Karisch 2004). Horizontal rules are constraints on individual schedules and
include rules such as the minimum number of days off and the maximum amount of work allowed in a
valid schedule. Vertical rules are constraints on the whole roster. Examples of vertical rules are rules
regarding the crew composition (number of crew members and their roles) of each flight, language and
qualification constraints, etc.
Schedule feasibility rules are very different for cockpit and cabin crews. For instance, cabin crews
are typically qualified to work on multiple aircraft types of the same family whereas pilots and copilots
can only operate one aircraft type at any given time. For this reason, crew rostering for pilots and
copilots is usually performed independently from cabin crew rostering.
This paper tackles the CRP for cabin crews which is typically solved by a (possibly heuristic)
branch-and-price algorithm. Our goal is to speed up this algorithm by proposing a partial pricing
strategy that relies on deep learning to reduce the size of the networks underlying the column generation
pricing subproblems.

1.1

Related works

Many crew rostering approaches are employed by airlines. In the bidline approach, the objective is
to create anonymous schedules, called bidlines, that are later assigned to crew members through a
bidding system. Examples of papers on the bidline problem can be found in Weir and Johnson (2004),
Boubaker et al. (2010), Saddoune et al. (2012). The objective of the bidline problem is usually to
minimize the number of bidlines or to create a set of bidlines with a low variance on key performance
indicators, such as the total work time and the number of days off, in order to achieve a certain degree
of fairness.
Conversely, the goal of personalized approaches is to directly assign a feasible schedule to individual crew members. The main advantage of this approach is that crew characteristics such as their
availabilities and preferences can be taken into account when building their schedules. For instance,
the model of Kasirzadeh et al. (2017) takes into account crew preferences towards specific flights and
vacation days to maximize crew satisfaction. Similarly, Zeighami and Soumis (2019) use a similar
model in their formulation of the integrated crew pairing and rostering problem. Quesnel et al. (2020)
propose a sequential approach that takes into account crew languages in the CPP as well as in the
CRP. As for the bidline approach, the objective of the personalized approach can also be to create
fair schedules. For instance, the models proposed by Doi et al. (2018) and Sasaki and Nishi (2015)
penalize schedules whose working time deviates from the average.
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Because there are many CRP variants, several solution methods have been proposed to solve them.
Several of those solution methods are population-based metaheuristics (see, for example, Ozdemir
and Mohan 2001, Maenhout and Vanhoucke 2010, Deng and Lin 2011, Azadeh et al. 2013). However,
except for Maenhout and Vanhoucke (2010) those methods were only tested on very small instances
containing fewer than two hundred flights. Furthermore, it is often difficult to evaluate the optimality
gap of the solutions due to the nature of metaheuristics. Many other optimization methods have
been used to solve variants of the CRP, such as constraint programming (Dawid et al. 2001, for a CRP
variant where the only goal is to find a feasible solution), a greedy heuristic (Chen et al. 2011), a multistart randomized heuristic (de Armas et al. 2017), and a multi-commodity flow problem (Cappanera
and Gallo 2004). However, those methods are often tailored to the specific needs of the airline and are
unlikely to perform well for different CRP variants.
Finally, the CRP is often solved using column-generation-based methods. The CRP is formulated as
either a set-partitioning problem (for cockpit crews) or a generalized set-partitioning problem (for cabin
crews) in which each set-partitioning variable corresponds to a feasible schedule variable. The column
generation algorithm solves the linear relaxation by iteratively solving a restricted master problem
(RMP) and one or several pricing subproblems (SP). The RMP is the linear relaxation restricted to
a limited set of schedule variables. The goal of the SPs is to find negative reduced cost schedules to
add to the RMP. Those schedules are also called columns because each schedule variable corresponds
to a column in the constraint matrix of the CRP. The column generation algorithm iteratively solves
the RMP and the SPs until no new schedules are generated by the SPs, at which point the current
solution to the linear relaxation is optimal. For large-scale instances, a branching heuristic is then
applied to obtain an integer solution. Gamache et al. (1999) propose a branch-and-bound heuristic
that fixes entire schedules at each branching node and returns the first integer solution found, without
performing backtracking. They are able to obtain good-quality solutions for instances containing up
to 5000 pairings in less than 5 hours. Xu et al. (2018) solve the CRP linear relaxation using column
generation, and then apply an exact branching procedure to find an integer solution using only the
columns generated at the root node. Borndörfer et al. (2006) embed the column generation algorithm
into a heuristic branching strategy, thus generating new columns at each branch-and-bound node, to
yield a so-called branch-and-price heuristic. Their method finds near-optimal solutions for instances
containing up to 14 000 tasks in less than 8 hours. A similar branch-and-price method is used by
many authors, such as Kasirzadeh et al. (2017), Zeighami and Soumis (2019), Quesnel et al. (2020).
Column-generation-based heuristics offer many advantages compared to other approaches. They are
able to tackle larger problems than metaheuristics and typically find solutions with very low optimality
gaps in reasonable times. They also easily integrate most horizontal and vertical rules, making these
algorithms very versatile.
In a branch-and-price heuristic, there is one SP per crew member in personalized approaches. For
the bidline approach, only one SP is necessary because all crew members are considered identical.
In both cases, the SPs are formulated as shortest path problems with resource constraints (SPPRC).
Typically, solving the SPs accounts for a large fraction of the total computing time. One of the reasons
for this is that the SPs are very large because each one considers all pairings. However, each schedule
only contains a few pairings (usually less than 10). In many cases, it is possible to identify pairings
that are unlikely to be assigned to a given crew member, such as when a pairing conflicts with a crew
member’s preferred off-period. Conversely, some pairing/crew member combinations can be identified
as desirable, for instance when a crew member speaks a language that is required on multiple flights
of a pairing.

1.2

Contributions

In this paper, we propose a new branch-and-price algorithm for the personalized CRP in which a set of
reduced SPs is solved instead of the traditional SPs. Each reduced SP contains a fraction of all pairings
– those that are the most desirable for the corresponding crew member. Thus, using the reduced SPs
speeds up the branch-and-price algorithm while sacrificing very little in terms of solution quality.
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As mentioned above, it is relatively easy to determine which features indicate good pairing/crew
member pairs. Unfortunately, this is not sufficient to create a suitable decision rule that chooses which
pairings to include in each crew member’s SP. One would also have to determine the relative weight of
each feature as well as identify potentially complex interactions between them. For instance, is it better
to prioritize languages spoken by relatively few crew members over more widespread languages? What
should be done if a pairing is a good match for a crew member with regards to the vertical constraints,
but has features disliked by that crew member? Furthermore, some pairings may be undesirable for
all crew members, but must still be included in some subproblems.
To overcome this problem, we build a machine learning (ML) model that acts as an expert to
determine which pairings are better-suited for each crew member. It is a deep neural network that
predicts the likelyhood that a pairing will be assigned to a crew member in an optimal or near-optimal
solution. We train this neural network in a supervised fashion, using historical data.
The two main contributions of this paper can, therefore, be summarized as :
• Developing a machine learning model that determines the likelyhood that a pairing will be
assigned to a given crew member.
• Proposing a branch-and-price algorithm that leverages this model to rapidly create near-optimal
crew schedules.
We test the proposed method on several instances of the personalized CRP for cabin crews, derived
from datasets published by Kasirzadeh et al. (2017). Finally, we show that our method is more than
50% faster than the traditional branch-and-price algorithm, and produces solutions of similar quality.
We also show that our ML model is more accurate than simple rules designed by an expert.
The remainder of this paper is structured as follows. We present the CRP variant considered in
Section 2. The proposed branch-and-price algorithm with partial pricing is presented in Section 3. This
algorithm relies on the predictions of the ML model described in Section 4. Computational results are
presented in Section 5 and Section 6 briefly concludes.

2

The Crew Rostering Problem

In this section, we present the CRP variant considered in this paper. We first describe the CRP in
Section 2.1, and give a mathematical formulation of the problem in Section 2.2

2.1

Problem description

Let M be a set of crew members, F a set of flights, and Γ a set of pairings that covers each flight
exactly once. Let Fp ⊆ F denote the set of flights in pairing p ∈ Γ. The CRP for cabin crews is usually
separable by aircraft family because cabin crews are qualified to serve on only one aircraft family at
any given time and must undergo several weeks of training to change to a new one. Therefore, we
assume that aircrafts of the same aircraft family are used for all pairings in Γ. The goal of the CRP
is to assign a legal schedule to each crew member, forming a valid roster. We consider the following
schedule legality (horizontal) rules :
•
•
•
•
•

A schedule must contain at most T̄ SCHED minutes of work.
There must be at least T̄ IN T ER minutes between two consecutive pairings.
There is at most D̄CON SEC consecutive days of work.
A schedule must contain at least D̄OF F days off.
If a crew member has assigned activities, such as scheduled vacations or training days, those
activities must be included in his or her schedule.

In our tests we used T̄ SCHED = 5100, T̄ IN T ER = 720, D̄CON SEC = 6, and D̄OF F = 10.
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We consider two types of vertical rules. The first type requires that an appropriate number of
crews must be assigned to each flight, and hence, to each pairing. Let ap denote the number of crews
required to work on pairing p (in our tests, ap = 5 ∀p ∈ Γ). It is sometimes impossible to assign a
sufficient number of crews on all pairings. In that case, the uncovered pairings are left as open time
to be manually assigned to reserve crews at a later date by the planner. Let ρP
p denote the penalty
incurred for leaving pairing p ∈ Γ as open time.
The second type of vertical rules consists of language constraints, requiring the crew composition of
some flights to include at least one crew with some language qualification. For instance, a flight going
to Barcelona might require at least one Spanish-speaking crew. Language constraints are important for
airlines because they help improve customer satisfaction. Some language constraints are also imposed
by law in some countries. Let L be the set of languages, and let LF
f be the set of language qualifications
required among the crew operating on flight f ∈ F. Since each flight appears in exactly one pairing
S
P
F
the flight language constraints can be aggregated into pairing language constraints. Let Lp =f ∈Fp Lf
denote the set of language requirements for pairing p ∈ Ω.
It is often impossible to satisfy all language constraints. In that case, the planner would either
manually adjust the language requirement of some problematic flights, or assign those flights to crew
members who possess the required language qualifications without having officially declared them
(sometimes, crew members choose to withhold language qualifications to have more varied schedules).
For this reason, language constraints are modeled as soft constraints, that can be violated by incurring
a penalty in the objective function. Let ρL
lp denotes the penalty for violating the language constraint
and
pairing
p
∈
Γ.
for language l ∈ LP
p
The CRP aims at maximizing the total crew satisfaction. We assume crew preferences are known
beforehand. Crew members can usually express their preferences in an online portal, by putting weights
on a number of schedule features. We consider two types of preferences: pairing preferences and offperiod preferences. Pairing preferences include all features related to pairing themselves, such as their
destinations, length, date of beginning/end, ... An off-period preference is a preference towards an offperiod consisting of one or several consecutive days off. Let sP
pm denote the total weight crew member
m ∈ M put on pairing p ∈ Γ. This weight can be zero if m expresses no preference towards p. Let
Om be the set of preferred off-periods for m, and let sO
i be the weight m puts on off-period i ∈ Om .
Let Ω be the set of all feasible schedules and let Ωm ⊆ Ω be the set of all feasible schedules for
crew member m ∈ M. Let Γs ⊆ Γ be the set of pairings in schedule s ∈ Ω. Let ups be a constant
taking value 1 if schedule s ∈ Ω contains pairing p ∈ Γ. Similarly, let vos be a constant taking value 1
if schedule s ∈ Ωm , m ∈ M contains off-period preference o ∈ Om . The satisfaction crew member
m ∈ M derives from schedule s ∈ Ωm , denoted cs , is given by :
X
X
cs =
ups sP
vos sO
pm +
i
p∈Γ

2.2

i∈Om

Mathematical formulation

Let xs be a variable equal to 1 if schedule s ∈ Ω is selected and 0 otherwise. Let L
lp , l ∈ Lp be a
slack variable for the language constraint for language l and pairing p and let variable P
p indicates the
number of missing crew members for pairing p. Let ms ∈ M and Γs ⊆ Γ denote the crew member and
the set of pairings associated with schedule s, respectively. Let LM
m be the languages spoken by crew
member m ∈ M. The CRP is formulated as :
X
XX
X
L
P
max
cs xs −
ρL
ρP
(1)
lp lp −
p p
s∈Ω

s∈Ω

p∈Γ l∈Lp

p∈Γ

s.t.
X
s∈Ωm

xs = 1

∀m ∈ M

(2)
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∀p ∈ Γ

(3)

∀p ∈ Γ, l ∈ Lp

(4)

∀p ∈ Γ

(5)

∀p ∈ Γ, l ∈ Lp

(6)

∀s ∈ Ω

(7)

s∈Ω

X

xs + L
lp = 1

s∈Ω|p∈Γs ,l∈LM
ms
∗
P
p ∈Z

L
lp

∈ {0, 1}

xs ∈ {0, 1}

Objective function (1) maximizes the total crew satisfaction minus the sum of the penalties for
violating constraints (3) and (4). Constraints (2) ensure exactly one schedule is selected for each
crew member and constraints (3) ensure that each pairing is covered by a sufficient number of crew
members. Constraints (4) are the language constraints. Constraints (5)–(7) impose a binary value on
the x and L variables, and a nonnegative integer value on the P variables.

3

Solution method

We solve the CRP using a heuristic branch-and-price method that uses a set of reduced SPs to converge
rapidly towards a near-optimal solution. We describe the branch-and-price method in Section 3.1 and
the reduced SPs in Section 3.2. The particularity of the reduced SPs is that each one contains only a
subset of all pairings. The procedure used to select which pairings are included in each SP is described
in Section 3.3.

3.1

Branch-and-price

We use a branch-and-price heuristic to solve problem (1)–(7). The linear relaxation of the problem is
solved using column generation. The RMP corresponds to (1)–(4) (plus nonnegativity constraints on
all variables) in which Ω is replaced by Ω0 ⊆ Ω, the set of schedules generated since the beginning of
the column generation algorithm. The RMP is solved using a standard linear programming technique.
There is one SP for each crew member. The goal of the SP for crew member m ∈ M is to find the least
reduced-cost schedule for m. If this schedule has a negative reduced cost, it is added to Ω0 . Solving
a subproblem often yields several suboptimal negative reduced-cost columns, which can also be added
to Ω0 . It would be inefficient to solve all SPs at each column generation. Instead, SPs are solved
sequentially until SP M IN of them are successful (i.e. they return at least one negative reduced-cost
column). Note that all SPs are solved in the last column generation iteration to prove that no negative
reduced-cost column remains.
The solution returned by the column generation algorithm is usually fractional. We apply a heuristic
branching procedure to obtain an integer solution. At each node of the branch-and-bound tree, a
linear relaxation is solved using the column generation algorithm. The branching decisions consist of
assigning one or several pairings to the schedules of one or several crew members. Let (p, m) denote
the assignment of pairing p ∈ Γ to the schedule of crew member m ∈ M. Let x∗n
s denote the value of
xs in the linear relaxation optimal solution at node n and let
X
n
ξpm
=
ups x∗n
s
s∈Ωm

be the value of assignment (p, m) in this solution. Let Ξn be the set of assignments (p, m) for which
n
ξpm
is fractional. Each branching decision consists of imposing one or several assignments of Ξn . Let
An ⊆ Ξn denote the selected assignments in the branching decision at node n. Those assignments are
n
selected by decreasing value of ξpm
, until either :
• |An | = ASSIGN M AX.
or
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n
≥ SU M COM P M AX
1 − ξpm

(p,m)∈An

Where ASSIGN M AX denotes the maximum number of assignments that may be included in any
branching decision and SU M COM P M AX is the maximum value of the sum of complements of the
fixed assignment. Assignments with lower fractional values are more likely to lead to poor branching
decisions, and hence to poor solutions. The sum of complement criterion, therefore, limits the amount
of risk taken in any branching decision. Note that some branching decisions may lead to an infeasible
solution, for instance, if two conflicting pairings are assigned to the same crew member. It is straightforward to filter out these assignments. The branch-and-bound tree is explored in a diving fashion,
and no backtracking is performed. The algorithm stops when solving the linear relaxation at a node
yields an integer solution, and returns this solution.

3.2

Subproblems

In traditional branch-and-price algorithms, the SP for crew member m ∈ M considers all pairings
when searching for a negative reduced-cost schedule. This is inefficient because many of those pairings
can be identified as undesirable for m a priori. By contrast, our method includes only the pairings
most likely to be assigned to m in the final roster. Let Γmn ⊆ Γ be the set of pairings included in m’s
SP at node n of the branch-and-bound tree. We explain the procedure used to select the pairings of
Γmn in Section 3.3. We formulate the SPs as SPPRCs on acyclic networks. The network corresponding
to the SP of crew member m and node n is depicted in Figure 1. It contains 5 types of nodes and 7
types of arcs. It contains the following nodes :
• A source node and a sink node.
• For each pairing in Γmn , a beginning of pairing node and an end of pairing node.
• A midnight node for each day of the horizon. Let D be the set of days in the horizon, numbered
from 1 to —D—. The midnight node for day d ∈ D represents the first minute of that day
(00:00).
A beginning of schedule arc connects the source to the midnight node of the first day. Similarly, an
end of schedule arc connects the midnight node of the last day to the sink. For each pairing of Γmn
ending on the last day of the horizon, an end of schedule arc also connects the pairing’s end of pairing
node to the sink. A day off arc connects the midnight node of day d to the midnight node of day
d + 1 if and only if d, d + 1 ∈ D. A pairing arc connects each beginning of pairing node to its
corresponding end of pairing node. Let p be a pairing beginning on day d1 and ending on day d2 .
A beginning of pairing arc connects midnight node d1 to the beginning of pairing node of p and an
end of pairing arc connects the end of pairing node of p to midnight node d2 + 2. Note that the
end of pairing arc includes a day off following the end of pairing p. A direct pairing connection arc
connects the end of pairing node of pairing p to the beginning node of pairing q if the interval between p
and q is longer than T̄ IN T ER but does not contain a full day off (from midnight to midnight).
Addidional arcs are used to represent preferred off periods. Let [d1 , d2 ] ∈ Om , be a preferred offperiod for m. A preferred off period arc connects midnight node d1 to midnight node d2 + 1. Let p
be a pairing ending on day d1 − 1. An end of pairing followed by preferred off periodarc connects the
end of pairing node of p to midnight node d2 + 1 or to the sink if d2 is the last day of the horizon.
Resource constraints are used to enforce the horizontal rules that cannot directly be modeled by
arcs. A resource is a commodity that is consumed on arcs and bounded on nodes. For instance,
we enforce the maximum-schedule-work-time rule using the maximum schedule work time resource.
Le δp denote the duration of pairing p ∈ Γ, in minutes. The maximum schedule work time resource
is initialized at 0 at the source and δp units of it are consumed when traversing the pairing arc of p.
The value of the resource has an upper bound of T̄ SCHED at each node of the network. Similarly, one
resource is used to enforce the maximum-consecutive-days-of-work rule and another resource enforces
the minimum-number-of-days-off rule.
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The SPs are solved using a labeling algorithm (see Irnich and Desaulniers 2005). This algorithm
iteratively extends labels (arrays containing the reduced cost and resource consumptions of partial
paths, that are associated with a node) from the source throughout the network. Dominance rules are
applied to remove inefficient (non-Pareto optimal) labels at each node.

source

sink

Legend for nodes :

Departure

Arrival

Midnight

Source/sink

Legend for arcs :
pairing

day off

preferred off period /
end of pairing followed by
preferred off period

direct pairing connection

beginning/end of pairing

start/end of schedule

Figure 1: Network for the subproblems

3.3

Selecting Γmn

Let Γm be the set of feasible pairings for crew member m ∈ M (i.e. those that do not conflict with
any of m’s scheduled activities). As mentioned above we restrict the set of pairings used in the SPs to
those in Γmn ⊆ Γm , the pairings most likely to be selected in a near-optimal solution. We abusively
refer to |Γmn | as the size of the SP of m at branch-and-bound node n because it is directly linked
to the number of arcs in the SP’s network. Let the parameter S M AX ∈ [0, 1] define the maximum
subproblem size. Specifically, Γmn contains at most S M AX |Γ| pairings.
Set Γmn is constructed as follows. Let Pmn be the set of pairings assigned to m in branching
decisions before node n. Those pairings are always included in Γmn , otherwise m’s SP would become
infeasible. Conversely, let Cmn be the set of pairings conflicting with at least one pairing of Pmn .
Those pairings are always excluded from Γmn to enforce the branching decisions.
m
m
The remaining pairings of Γmn are selected as follows. Let Θm = (pm
1 , p2 , ..., p|Γm | ) be an ordering
m
m
m
of the pairings of Γ such that i < j indicates that pi ∈ Γ is more likely to be assigned to m than
m
pm
j ∈ Γ . Θm is obtained using the ML model described in Section 4. Let Θmn = Θm \{Pmn ∪ Cmn },
with the ordering preserved. The first min{S M AX |Γ| − |Pmn |, |Θmn |} pairings of Θmn are added
to Γmn .

As more pairings are fixed for m, the cardinalities of Pmn and Cmn increase. |Cmn | typically
increases faster than |Pmn | because each pairing generally conflicts with several other pairings. Each
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time a branching decision assigns a pairing to m’s schedule, pairings with a higher rank in Θmn
are included in Γmn . This allows the algorithm to recover from ranking mistakes made by the ML
algorithm.
A possible variant of the proposed method would be to dynamically adjust the size of the SPs.
Starting with small SPs, their size would be increased when they can no longer find new columns.
We tested several versions of such a method in a preliminary phase but found them less efficient than
the one presented here. This is because the benefits of solving smaller SPs at the beginning of the
algorithms are outweighed by the disadvantages of solving the same SPs at multiple sizes in the later
stages.
An improvement of the method would be to exclude pairing p from all SPs if it has already been
assigned to ap crew members. However, this improvement is independent of the contributions of this
paper, so we chose not to implement it in order to fairly compare our algorithm with the standard
branch-and-price algorithm. Note that the speed-up resulting from this improvement would likely be
negligible because the pairing exclusion condition occurs rarely and near the end of the algorithm.

4

Machine learning model

As mentioned in the previous section, we use a machine learning model to create Θm . Our ML model
is a deep neural network trained in a supervised training framework using data from several CRP
solutions. We describe the data in Section 4.1 and the features of the model in Section 4.2. We present
the architecture of the neural network in Section 4.3.

4.1

Data

We train our model on CRP solutions of instances derived from the seven datasets published by
Kasirzadeh et al. (2017). Each dataset contains flight data from a major North-American airline for
one month and a single aircraft type. The flights of each dataset cover 3 bases and between 26 and 54
airports.
We added artificial language constraints to those datasets. Each instance contains 15 or 16 languages and each language is linked to one or several airports or bases. The airports for each language
were chosen to closely imitate the language distribution of an international airline. Let LA
a be the set
of languages for airport or base a. For a flight f ∈ F going from airport or base a to airport or base b,
A
we add language constraints requiring that each language of LA
a ∪ Lb is spoken by at least one member
of the crew operating f .
Crew data was generated using a random procedure similar to the one used in Quesnel et al. (2020).
Each crew member is given the following attributes :
• A set of spoken languages (between 1 and 4).
• A set of weighted pairing preferences.
• A set of weighted off-period preferences. Each off-period preference is composed of 3 consecutive
days off.
A small fraction of the crews (between 5% and 15%) are also given a scheduled vacation of seven
consecutive days. Our procedure ensures that the distribution of languages among crew members
closely matches that of an international airline based in North America. One language is spoken by
all employees and required on all flights (i.e. English) and another language is spoken by a majority
of crew members (≈ 65%). A few other languages are spoken by a significant fraction of the crews
(10–25%). The other languages are relatively rare among the crew members and are required for a
small number of flights. We also ensure the number of bilingual, trilingual, and quadrilingual crews is
similar to that of real-life instances.
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In practice, airlines have access to several historical CRP instances and solutions. Indeed, the
process of creating the next month’s roster often involves solving the CRP multiple times, as the
planner adjusts the parameters of the software, fixes parts of the solution, etc. Airlines also have
access to the CRP solution for the past few months. Those instances are usually similar because the
flight schedule and the crew members do not change a lot from one month to another. We imitate
this by generating several instances for each dataset and several solutions for each instance. Different
instances of the same dataset have the same flights and language constraints, but different sets of crew
members. Note that our instances are more dissimilar than they typically are in airlines because each
of our instances has a different crew set, whereas crew turnover is relatively slow in airlines. For this
reason, the prediction problem is harder in our case than it would be in real life.
We applied the following procedure to generate several CRP solutions for each instance. We first
solved the CPP for each instance using the branch-and-price algorithm proposed by Quesnel et al.
(2020). From this CPP solution, we extracted the pairing associated with the base containing the
largest number of crew members and solved the CRP for this base (recall that the CRP is separable by
base, whereas the CPP is not), using a branch-and-price algorithm equivalent to the one described in
Section 3, with S M AX = 1 (i.e. all pairings are included in all SPs). Note that the CPP often assigns
all flights requiring a given language to pairings associated with bases other than the selected one.
For this reason, instances of the same dataset may have different numbers of languages. We solved
the CRP multiple times for each instance to obtain multiple solutions for each instance. In order to
obtain different solutions, we shuffled the order in which the employees appear in the input file before
each run, which changes the order in which the rows are added to the RMP and the initial order in
which the SPs are solved. Preliminary tests showed that this is sufficient to obtain largely different
solutions.
The instance characteristics for each dataset are given in Table 1. The instances of datasets 1–3 are
significantly smaller than that of datasets 4–7, and are therefore called small instances. The instances
of datasets 4–7 are called large instances. Note that we created more instances and more solutions for
datasets 1 and 3. Those instances were used in a preliminary phase when the amount of data required
to obtain accurate predictions was still unknown.
Table 1: Characteristics of the instances
Dataset

Nb. of
instances

Nb. solutions
per instance

Avg. nb. of
languages

Nb. crew members
per instance

Avg. nb. of
pairings

1
2
3
4
5
6
7

30
15
30
15
15
15
15

30
5
30
5
5
5
5

11.37
5.67
11.63
11.80
10.13
12.60
11.07

69
51
123
274
526
675
735

108
171
268
479
464
717
823

4.2

Features

Labels and features are extracted from the solutions of each instance. We create one entry for each
valid pairing/crew member pair. Let Emp denote the entry for crew member m and pairing p. Emp
contains the following features :
1. For each language l ∈ L :
(a.)

a. A binary feature indicating whether p requires an l-speaking crew member, denoted flpm .
(b.)

b. A binary feature indicating whether m speaks l, denoted flpm .
(c.)

c. A numerical feature corresponding to the frequency of l amongst pairings, denoted flpm .
(d.)

d. A numerical feature corresponding to the frequency of l amongst crew members, flpm .
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e. A numerical feature corresponding to the language compatibility score between p and m for
(e.)
(c.)
(d.)
P
language l, defined as flpm = (1 − flpm ) × (1 − flpm ) if l ∈ LM
m and l ∈ Lp , and 0 otherwise.
Note that this feature has a higher value for scarcer language.
2. A numerical feature called pairing satisfaction score, given by
sP
pm
(2)
fpm
= P P
sp0 m
p0 ∈Γ

This feature indicates the fraction of m’s theoretical maximum pairing satisfaction that is
(2)
achieved by assigning him or her pairing p. We use fpm rather than sP
pm so that the value
of the feature is in the interval [0, 1].
3. A numerical feature called preferred off-period conflict score. Let cop be a constant equal to 1 if
preferred vacation o ∈ Om conflicts with p. The preferred off-period conflict score is given by
P
(3)
fpm
=

o∈O m

cop sO
o

P
o∈O m

sO
o

This feature indicates the fraction of m’s theoretical maximum off-period satisfaction that is
precluded if pairing p is assigned to him or her.
4. A binary feature indicating whether a preferred off-period of m ends the day before the beginning
(4)
of p, denoted fpm .
5. A binary feature indicating whether a preferred off-period of m begins the day after the end of
(5)
p, denoted fpm .
The last two features are relevant because assigning m a pairing p just before or after a preferred
off-period is very efficient.
Entry Emp is given a label λmp , whose value corresponds to the frequency at which p is assigned
to m in the solutions. For instance, if p is assigned to m in 3 out of 5 solutions, λmp = 3/5 = 0.6. This
label definition is based on the assumption that pairings that are more advantageous for m are more
frequently assigned to him or her. However, it is likely that some advantageous entries are wrongly
given a zero label because not enough solutions were created to identify all such advantageous entries.
Larger instances are more likely to suffer from this problem because, whereas the number of entries for
an instance is approximately |M| × |Γ|, each CRP solution affects the value of at most max{ap } × |Γ|
p∈Γ

nonzero labels. Thus, for large instances, a very large number of solutions would be required to obtain
accurate labels. We address this issue in the next subsection.

4.3

Network architecture

We train a deep neural network for each dataset on the task of predicting the label of a new entry.
m
Let λP
in
pm denote the predicted label of entry Emp . We obtain Θm by ordering the pairings of Γ
P
decreasing order of λpm .
The instances of each dataset are split into three disjoint subsets: a training set, a validation set,
and a test set. The number of instances and entries in each set for each of these subsets is given in
Table 2. We randomly choose the test (and validation and training) instances among all the instances,
but we cannot mix the entries of training instances with the entries of testing instances because we
want to evaluate the performance of our branch-and-price algorithm on complete testing instances.
The standard way to build those sets would be to randomly split the entries of all instances.
However, because we wish to evaluate the performance of our branch-and-price algorithm as well as
that of the ML model, it is necessary to reserve instances for testing purposes.
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Table 2: Number of instances in the training, validation and test sets
Dataset

Nb. training
instances

Nb. validation
instances

Nb. test
instances

1
2
3
4
5
6
7

20
8
20
8
8
8
8

5
2
5
2
2
2
2

5
5
5
5
5
5
5

The neural network is a feedforward fully connected deep neural network. Conforming with standard practices, the number of neurons in any hidden layer is less than or equal to that of the previous
layer. All neurons except those of the input and output layers are rectilinear (ReLU) units. The output
layer is composed of a single sigmoid unit so the output is in the interval [0, 1].
We use different metrics to evaluate the training and validation performances of the model. The
validation performance should indicate how good our model is for its intended purpose. In our case,
the ML model is used to build Θm , which is in turn used to select the pairings of Γmn . At the beginning
of the branch-and-price algorithm, only the first k = S M AX |Γm | pairings of Θm are included in the
SP of crew member m. Ideally, the k first pairings of Θm would contain all entries Emp such that
λmp > 0 (i.e. all desirable entries). A good performance indicator of the ML model can be obtained
by taking the sum of the “true” labels in the k first pairings of Θm for all crew members. We measure
the performance of our ML model by computing the label sum ratio in the top k, defined as
k
P P
m∈M i=1

T OPk = P

λmpm
i

P

m∈M p∈Γm

λmpm
i

Thus, T OPk is the sum of the true labels of the first k entries in Θm for each crewP
member
P m ∈ M,
over the total label sum. Note that the denominator can be omitted because
λmpm
is
i
m∈M p∈Γm

independent of the model’s predictions. Nevertheless, this definition is more practical when comparing
the performance of the neural network for different datasets.
T OPk is not a suitable loss function for training because it is not a differentiable function of the
neural network’s output. Instead, the neural network is trained by minimizing binary cross-entropy
(BCE) between the true labels and the predicted labels. Let E be the set of entries. The BCE function
is given by
1 X
P
H=−
λmp log(λP
mp ) + (1 − λmp ) log(1 − λmp )
|E|
Emp ∈E

Although the BCE loss function is usually used for binary classification problems, it can also be used
when label values are in the interval [0, 1] (see Alain et al. 2014, Creswell et al. 2017). It is easy to show
that the BCE first-order optimality condition (∇λP · H = ~0) implies that λP
mp = λmp ∀(m, p)|Emp ∈ E.
Predicting entries with nonzero labels should be the priority for our application. To see why,
suppose the ML model wrongly predicts λP
mp = 1 for entry Emp , whose true label is λmp = 0. This
is of little consequence because even though p has a low rank in Θm , the branch-and-price algorithm
can still choose not to assign p to m. Conversely, if the ML model wrongly predicts λP
mp = 0 for an
entry Emp whose true label is λmp = 1, it is likely that a pairing conflicting with p gets assigned to m
before p is included in m’s SP, potentially resulting in a poor solution. Another reason why correctly
classifying nonzero labels should be prioritized is that, as explained above, the value of many labels
may be underestimated due to the relatively small number of solutions. The information in zero labels
is, therefore, less reliable.
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Most labels have a zero value, so the binary cross-entropy loss function is likely to favor ML
models that accurately predict those labels. We test two strategies to correct this imbalance. The first
one consists of creating multiple copies of randomly-selected positive-valued labels. This technique is
known as random oversampling (Chawla et al. 2011). In our implementation of random oversampling,
a hyperparameter controls the ratio between the number of positive-valued and zero-valued labels.
The other strategy, called weight loss, consists of assigning a higher weight to nonzero labels in the loss
function. In our implementation of weight loss, a hyperparameter controls the relative total weight of
the positive-valued labels vs. that of the zero-valued labels. The weight of a positive-valued label is
proportional to its value (e.g. the weight associated with label λP
mp = 0.3 is three times higher than
that of label λP
=
0.1).
The
balancing
strategy
used
(random
oversampling, weight loss, or none)
0
0
mp
is taken as a hyperparameter of the model.
The neural network and the training framework are implemented in Python using the PyTorch
library. Training is performed in a supervised fashion using either the stochastic gradient descent
(SGD) (Bottou 2010) or the Adam algorithm (Kingma and Ba 2015). Several strategies are used to
prevent overfitting. The neurons have a dropout probability between 0 and 0.4. Also, the validation
performance (T OPk ) is computed every 10 epochs and the training algorithm is stopped when it
degrades twice in a row, or after a fixed number of epochs.
The hyperparameters and their possible values are given in Table 3. We determine the appropriate hyperparameters of the neural network and the training algorithm by performing a random grid
search over the hyperparameter space. We select the model that achieves the best validation (T OPk )
performance.
Table 3: Hyperparameters of the neural network
Hyperparameter
Number of hidden layers
Number of neurons in the first hidden layer
Number of neurons in the second hidden layer
Number of neurons in the third hidden layer
Training algorithm
Balancing strategy
Weightloss ratio (if applicable)
Random over-sampling ratio (if applicable)
Dropout probability
Apply batch normalization (Ioffe and Szegedy 2015)
Learning rate

5

Range
{2,3}
[200, 1600]
[10, 800]
[10, 300]
{SGD, Adam}
{None, weightloss, random over-sampling}
[0.4, 0.75]
[0.7, 2.5]
[0, 0.4]
{yes, no}
[0.01, 0.1]

Computational experiments

We now present computational results for the proposed branch-and-price algorithm. All experiments
are performed on the test instances described in Section 4.1, using a Linux computer with an Intel
i7-8700 CPU clocked at 3.20GHz. First, we evaluate the performance of the ML models in Section 5.1.
We then compare the proposed method with several branch-and-price algorithms in Section 5.2.

5.1

Performance of the ML model

We computed a performance profile of each ML model by computing the geometric mean of the T OPk
over the test instances of each dataset, for various values of k. Those performance profiles are displayed
in Table 4, in the rows identified by “ML”. We also report the average fraction of nonzero labels in
each test dataset. The values of k are reported as a fraction of Γ to compare instances of different
sizes.
Training a neural network took less than 1 hour for the small datasets and less than 4 hours for the
large ones. We do not report those training times beacause not much effort was put into optimizing
the training framework, so those training times could likely be significantly improved. Note that high
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training times are not a big concern for a real-world application because each ML model would be
trained once and then used for several months or years. Furthermore, in the crew sceduling service of
an airline, the computers are very busy one week per month and relatively free the others weeks. The
training can be done in the weeks where the computers are not busy.
We compare the performance profiles of the ML models with those of a prediction rule designed
by an expert (designated by “EX” in Table 4). It is a linear combination of some of the features
presented in Section 4.2, with the weight of each feature adjusted manually. The expert prediction
rule for pairing p and crew member m is
X (e.)
(2)
(3)
(4)
(5)
λEX
flpm + 2fpm
− fpm
+ fpm
+ fpm
.
(8)
pm =
l∈L

Equation (8) thus balances two objectives: ensuring that pairings that require scarce languages
appear in the subproblem of crew members who speak those languages and ensuring that the subproblem of crew member m contains pairings he or she prefers. The first term of (8) promotes the first
objective by increasing λEX
pm if some of the languages that are required by pairing p are compatible
with those spoken by crew member m. Furthermore, scarce languages have a higher weight. The other
terms of (8) promote the second objective. We put a weight of 2 for feature (2) because there is a high
(2)
correlation between fpm and the probability that p is given to m. A weight of −1 is put on feature (3)
to penalize entries conflicting with preferred off-periods. Finally, we put a weight of 1 on features (4)
and (5) because we observe crew members are likely to be granted a preferred off-period if they are
assigned a pairing that begins (ends) just after (before) that off-period. Some of the features are not
used in (8) because including them did not improve the performance profiles.
Note that the result of this prediction function is not necessarily on the same scale as the labels (i.e.
in the interval [0, 1]). This is not a problem because T OPk is computed using the pairing orderings
rather than the difference between the predicted labels and the real ones.
Table 4: Average T OPk for the test instances
Dataset

1

2

3

4

5

6

7

Avg. frac. nonzero
labels (%)

26.2

19.9

28.0

5.3

2.8

3.0

2.9

Average T OPk , with k as a percentage of |Γ|
k=

10%

20%

30%

40%

50%

60%

70%

80%

90%

ML

48.5

65.9

76.7

85.9

91.7

95.5

97.8

99.2

99.8

EX

43.9

61.4

71.4

80.3

86.2

92.1

96.3

98.6

99.8

ML

33.8

48.0

58.9

69.9

79.6

87.4

93.1

97.5

99.6

EX

27.7

43.6

56.9

67.4

77.2

86.5

92.5

97.0

99.6

ML

48.4

63.9

74.4

83.3

90.3

94.6

97.3

99.2

99.8

EX

37.8

57.0

69.7

78.2

86.5

93.0

96.4

98.6

99.8

ML

63.2

80.9

89.0

95.4

98.3

99.1

99.6

99.9

100.0

EX

52.1

72.0

82.5

89.8

95.5

98.0

99.0

99.7

99.9

ML

74.4

87.3

94.0

97.6

98.8

99.4

99.7

99.9

100.0

EX

62.4

79.4

86.9

92.6

96.8

98.4

99.1

99.6

99.9

ML

57.6

73.6

83.4

91.9

95.5

97.0

98.1

98.9

99.5

EX

48.3

66.8

77.5

86.5

93.5

96.4

97.7

98.7

99.5

ML

53.1

66.6

75.1

82.2

86.9

90.4

93.5

96.2

98.3

EX

42.4

59.5

68.8

76.6

84.1

89.0

92.4

95.5

98.1

Comparing the performance profiles of the ML model for different datasets, we observe that the
small instances (from datasets 1 to 3) have, on average, smaller T OPk values than the large instances.
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This is because the small instances have a higher proportion of nonzero labels than the large ones,
making it harder to achieve high T OPk values. For example, the ML model for dataset 5 achieves a
T OP30% = 94%, but most entries in the predicted top 30% have a zero-valued label. To achieve a
similar T OPk value for dataset 3, the predicted 30% would have to be almost exclusively composed of
entries with nonzero labels, which leave very little place for prediction mistakes. Those results indicate
that in order to have a sufficient number of good pairings in each subproblem, it is necessary to use
a larger value of S M AX for the small instances than for the large ones. The T OPk for the instances
of dataset 2 is lower than that of the other small instances, for all values of k. This is likely because
fewer instances were used to train the neural network of dataset 2.
We observe very large variations in the T OPk performance for the ML model among the large
instances. Unfortunately, we are unable to identify the cause of these differences. Likely, the low
T OP10% performance observed for the instances of dataset 4 is linked to the relatively high percentage
of nonzero labels in that instance, as explained above. Anecdotal evidence also suggests that T OPk
performance might be worse for datasets with a high pairings-to-crew-members ratio, corresponding
to CPP solutions containing a large number of pairings of short length. In those cases, some of the
learning features may be less indicative of the fitness of individual entries. For example, the two
features indicating the proximity of a pairing to a preferred off-period may be weakly correlated with
the fitness of the entries for those instances because the flexibility arising from the large number of
pairings makes it easier to grant those off-period preferences. We did not further investigate this
matter because those T OPk variations for the large instances do not appear to affect the performance
of our solution method.
Finally, we compare the performance profiles of the ML model to those of the expert prediction
function. The expert predictions are far better than a random prediction function, for which the
expected value of T OPx% is x. However, for all datasets and all values of k, the T OPk performance
of the ML model is higher than that of the expert prediction function. In fact, the T OP40% for the
ML model is at least 5 percentage points higher than that of EX, except for dataset 2 for which the
T OP40% is 2.5 percentage points higher than that of EX. This indicates that although it is possible for
an expert to design a prediction function that is somewhat accurate, a ML model can be significantly
more accurate.

5.2

Results on the crew rostering problem

Let Alg M L denote the branch-and-price algorithm described in Section 3. We compare Alg M L with
the following algorithms :
• Alg ST D : A standard branch-and-price method similar to those used in airlines. It is equivalent
to Alg M L with S M AX = 1, i.e. the SP of crew member m ∈ M contains all pairings that are
feasible for m.
• Alg RF : Alg M L with Θm generated randomly.
• Alg RV : Alg M L with Γmn selected randomly each time SP m is solved.
• Alg EX : Alg M L with Θm generated according to the expert prediction function (8).
Results are presented in Table 5. Each row contains the results for one dataset, averaged over the
test instances of that dataset. We report the average CPU time and objective value for Alg ST D as well
as the average relative difference in computing time and objective value between each algorithm and
Alg ST D . For all algorithms except Alg ST D , we use S M AX = 0.6 for datasets 1–3 and S M AX = 0.2 for
datasets 4–7. Those values were determined in preliminary tests. It is necessary to use a large value
of S M AX in small instances so that enough pairings are included in each SP.
We first compare Alg ST D with Alg M L . For all datasets, Alg M L finds solutions in less than 50% of
the CPU time of Alg ST D , and in less than 10% of the CPU time for dataset 4. The solutions produced
by Alg M L are, on average, slightly inferior to those computed by Alg ST D , with average differences in
the objective value less than or equal to 0.55% for all datasets except for datasets 2 and 4. This was
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expected because our ML model sometimes makes mistakes which causes some advantageous pairings
to be wrongly excluded from some SPs. Nevertheless, the optimality gaps obtained at the root node
are relatively small (close to the negative of the value difference with Alg ST D and less than 1% except
for datasets 2 and 4), indicating that such mistakes are relatively rare. This shows that in most cases,
Γm0 (the set of pairings in the SP of crew member m ∈ M at the root node) is sufficient to create a
near-optimal linear relaxation solution to the CRP.
The only difference between Alg RF , Alg EX and Alg M L is the accuracy of the predictions used to
create Θm : the predictions of Alg M L are more accurate than that of Alg Ex , which, in turn, are more
accurate than that of Alg RF . We observe similar computing times for all algorithms. However, the
solutions produced by Alg RF have a significantly lower objective value, on average, than that of all
other algorithms tested. The values of the solutions of Alg EX are larger than those of Alg RF but much
smaller than those of Alg M L . This shows that accurate predictions are necessary for our method to
produce good-quality solutions. The scoring function designed by an expert is not accurate enough to
be useful in the proposed method.
Alg RV produces solutions with a larger objective value than those produced by Alg M L , except for
datasets 5 and 6. This is because by selecting a different set of pairings each time a SP is solved,
the pairings of any good schedule for m ∈ M are likely to be included together at least once in
m’s SP. However, Alg RV is comparatively slow: its computing times are similar to those of Alg ST D .
Although each SP of Alg RV is faster to solve due to their smaller SP sizes, the algorithm performs
many more iterations. A typical behavior of column generation is a tailing-off effect, where the last
column generation iterations generate few useful columns. In Alg RV , it may take several iterations
before a given negative reduced-cost column can be generated in a SP because every pairing of the
column must be included in the SP, which has the effect of extending the tailing-off effect for that
algorithm. We do not observe this behavior in Alg M L because the set of pairings included in each SP
is fixed at each node of the branch-and-bound tree.
Table 5: Comparaison of Alg ST D with Alg RF , Alg RV , Alg EX , and Alg M L

Dataset

CPU
Alg ST D

CPU Diff (%) vs Alg ST D
Alg RF

Alg RV

Alg EX

Value

Alg M L

Alg ST D

Value Diff (%) vs Alg ST D
Alg RF

Alg RV

Alg EX

Alg M L

1

79

-69

-12

-57

-50

39563

-26.00

-0.32

-10.05

-0.63

2

832

-63

20

-70

-67

33572

-38.09

-0.33

-14.67

-5.73

3

1884

-65

-21

-70

-64

84273

-13.88

-0.05

-6.98

-0.28

4

39778

-71

-9

-94

-92

195922

-6.53

-0.36

-5.55

-1.64

5

1425

-60

-13

-62

-60

374579

-35.49

-0.33

-33.30

-0.15

6

6973

-82

-13

-78

-51

501447

-17.32

-0.05

-3.50

-0.02

7

64650

-83

-46

-89

-80

508663

33.01

0.36

-10.65

-0.55

Average

16505

-61

-12

-66

-59

41326

-20.62

-0.11

-10.66

-1.19

We now perform a further analysis of Alg M L for some datasets of interest. As discussed above,
Alg M L produces unsatisfactory solutions for dataset 2 with S M AX = 0.6 and for dataset 4 with
S M AX = 0.2. In those cases, increasing the value of S M AX may yield solutions with a larger objective
value. Conversely, Alg M L finds solutions with an objective value very close to that of Alg ST D for
dataset 6 and S M AX = 0.2. In that case, it may be possible to use a smaller value of S M AX to speed
up the algorithm, and still get solutions with large values. We tested Alg M L with a different value of
S M AX for datasets 2, 4 and 6. Results are presented in Table 6. This table also reproduces the results
of Table 5 for Alg ST D and Alg M L for easy comparaison.
For dataset 2, Alg M L with S M AX = 0.8 finds solutions with objective values close to that of
Alg ST D . As expected, we observe longer computing times than Alg M L with S M AX = 0.6, but those
computing times remain significantly smaller than those of Alg ST D . We observe similar results for the
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Table 6: Alg M L with different values of S M AX for datasets 2, 4, and 6
Dataset

2

4

6

Algorithm

CPU

vs Alg ST D

(s)

(%)

Objective

vs Alg ST D
(%)

Alg ST D

832

Alg M L S M AX = 0.6

272

-67

-31649

-5.73

Alg M L S M AX = 0.8

506.3

-39

-33459

-0.34

Alg ST D

39778

Alg M L S M AX = 0.2

3064

-92.30

192704

-1.64

Alg M L S M AX = 0.3

9187

-77

194863

-0.54

Alg ST D

6973

Alg M L S M AX = 0.2

3441

-51

-501366

-0.02

Alg M L S M AX = 0.1

1171

-83

-500383

-0.21

-33572

195922

-501447

solutions of the dataset 4 instances obtained using Alg M L with S M AX = 0.3. Solving the dataset 6
instances using Alg M L with S M AX = 0.1 we obtain solutions with an objective value 0.21% smaller
on average than those obtained using Alg ST D , in 17% of the computing time. This shows that our
algorithm can sometimes be sped up without sacrificing much in terms of objective value.

6

Conclusion

In this paper, we propose a branch-and-price algorithm for the personalized CRP that performs partial
pricing by limiting the size of the SPs. Our method creates a personalized ordering of the pairings for
each crew member according to their desirability, and only the most desirable pairings are included
in each of the crew member’s SP. This ordering is created using a ML model that is a deep neural
network trained on historical data. Rather than trying to predict the true desirability of pairings, this
ML model acts as an expert that predicts which pairing assignments are more likely to be chosen by the
optimizer. The features used to train the model are simple and do not require a deep understanding
of the problem. The proposed method could be adapted to the needs of real-life airlines with minimal
efforts.
The proposed approach creates near-optimal CRP solutions in less than half of the time of a
standard branch-and-price method. We show that the predictions of our ML model are more accurate
than that of an expert and that this level of accuracy is necessary for our method to produce highquality solutions. In a broader context, this paper contributes to showing that information derived
from an offline ML model can be of great use to speed up optimization algorithms.
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