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Welfare Maximization in the Airplane Problem1

Alina Chadwick2

2023-20243

1 Abstract4

Given a set of passengers and a set of airplane seats, the goal of the airplane problem is to sit passengers in seats5

in a way that maximizes the sum of their total welfare, that is, the total happiness of the passengers in the plane.6

We aim to maximize their welfare subject to three constraints and how much they care about each constraint7

being satisfied: a group constraint (where passengers may want to sit together), a constraint on where in a row8

passengers want to sit (i.e. a window seat, a middle seat, or an aisle seat), and finally a constraint on where in9

the plane (closer to the front or to the back of the plane) passengers would like to be seated. In this paper, we10

argue that valuations of passengers on seats are both superadditive and, more strongly, supermodular, and we11

are therefore able to employ a greedy framework that maximizes the sum of social welfare for passengers with12

supermodular valuations on seats.13

2 Introduction14

The airplane problem is the following. There is a set of passengers who are looking to be seated in a simple plane.15

We can represent this simple plane as two sets of three-seat rows (with seats ABC and DEF for each row) with a set16

number of rows. Figure 1 depicts a sample simple plane.17

Passengers may be traveling solo or may belong to a group of passengers. We limit groups to no more than18

three passengers; if a group has a size of greater than three, it may be broken down into smaller groups (i.e. a19

group of four can be broken up into two groups of two, a group of five can be broken up into a group of two and a20

group of three, and so on). Each group of passengers is considered one entity and has the same valuation function21

in our problem that maps all possible sets of seats to how happy the entity would be from receiving that given set22

of seats. Each entity gains utility or welfare from an assignment that they value positively (i.e. being assigned that23

seat or set of seats is better to them than not being assigned anything). Our goal is to maximize the sum of total24

welfare among the passengers, meaning that this problem is an instance of the welfare maximization problem.25
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Figure 1. A sample simple plane.

Each entity has a valuation function on the seats of the plane, subject to some constraints. These constraints26

include the geometric constraint of seating groups together in addition to constraints regarding preferences on27

whether passengers prefer to sit in window, middle, or aisle seats (the WMA constraint) and preferences on whether28

an entity prefers to sit in the front or the back of the plane (the F2B constraint). Each entity also has a willingness29

to pay, which corresponds to the price they are willing to pay on a group of seats that is the size of the number of30

passengers in their entity. If an entity e has a willingness to pay that is twice the willingness to pay of entity e’,31

their valuation function will be scaled accordingly. Specifically, if all valuation functions are on a scale of 0 to∞32

and entities e and e’ value a given bundle of seats the same amount, the valuation function will be scaled such that33

the valuation of group e will be twice that of group e’. In other words, we care more about accommodating the34

welfare of those who are willing to pay more than that of those who are not.35

Intuitively, the valuation functions for this problem are superadditive, meaning that an entity reaches a high36

level of utility once it receives the number of seats needed such that each group member has a seat, but receive37

lower levels of utility for any seat allocated after that. Formally, superadditive valuation are defined as follows:38

Definition 2.1. A valuation function v is superadditive if for any disjoint sets A and B, v(A∪ B)≥ v(A) + v(B).39

The groups constraint of this problem is superadditive for the following reason: when a group is assigned some40

seats, they obtain very little utility if that set of seats that has fewer seats than the number of people in their entity,41

or if the seats are not near each other. However, when a group receives a set of seats that is as big as the size of42

the group and the seats are close together, the utility for the group increases substantially. In other words, if a43

group of size s receives a set of seats close together that is of size s− 1, they will receive much less utility from the44

(s− 1)th seat than they would from the sth seat. However, for any additional seat, the marginal utility that they45

would receive would decrease.46

To illustrate an example, suppose we have a family of three who want to sit together. We will treat them as47

one entity. This entity receives very little utility when they receive one seat or two seats (or three seats that are48

disjoint or located far away from one another), as they want to have all of their members seated in the plane and49

seated together; if they receive exactly three seats next to each other, the family is happy. However, if they receive50
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four or more seats, they aren’t gaining as much utility from each additional seat, since the entity doesn’t have51

passengers to put into those seats. Their valuation of those additional seats is still positive, as they may want those52

seats to store items (e.g. musical instruments, medical equipment) or may use them if there is a technical difficulty53

with another one of their seats. Therefore, their valuations are superadditive. In this paper, we will argue that the54

valuation of entities on seats is not only superadditive, but also supermodular.55

3 Preliminaries56

Definition 3.1. We first formally define an instance of the airplane problem I(E, S, v):57

• E is a set of n entities (passengers or groups of passengers) 1, . . . , n.58

• S is a set of m seats 1, . . . , m.59

• v is a vector of valuation functions v1, . . . , vn where vi is the valuation function associated with entity i.60

A feasible solution is a mapping SOL : E → S allocating each seat to exactly one entity (passenger or group of61

passengers). Our goal is to maximize social welfare, v(SOL) :=
∑

e∈E ve(SOL).62

3.1 Constraints63

We will next formally define the constraints of the problem.64

Definition 3.2. The group constraint is defined as follows:65

• Each passenger belongs to a group of size at least one.66

• Groups are limited to a size of at most three, given that there are three seats per row. Groups of larger sizes67

are to be split into groups of size three or smaller, where no split group is of size one or fewer.68

• Groups of passengers must prioritize sitting with their group over their other preferences (i.e. passengers in69

a group would rather sit together and not have their WMA or F2B preferences satisfied than sit separately70

but have their WMA and/or F2B preferences satisfied). In our algorithm, the group constraint will always be71

satisfied first.72

• Within the groups, we will maximize the utility of individual passengers subject to their preferences in terms73

of which seats individuals within the group prefer to sit in over others. This is implicitly incorporated into74

our framework.75

Definition 3.3. The WMA (window, middle, aisle) constraint and the F2B (front to back) constraint are defined76

as follows:77
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• For the WMA constraint, entities select their preference of whether they prefer a window, middle, or an aisle78

seat and in which order they prefer one over the other.79

• For the F2B constraint, entities select their preference of whether they prefer seats in the front or the back of80

the plane as a linear gradient.81

• Entities rank their preference with respect to their other preferences (i.e. whether their WMA preference is82

more or less important than their F2B preference, or vice versa).83

3.2 Supermodularity84

We will first formally define supermodularity, then argue that valuations of entities on sets of seats are not only85

superadditive but also supermodular. We will be introducing this modification of the utility function to satisfy the86

algorithm.87

Definition 3.4. For every subset X , Y ⊆ S, with X ⊆ Y and every s ∈ S \ Y , we have that88

v(X ∪ {s})− v(X )≤ v(Y ∪ {s})− v(Y )89

In other words, supermodular valuations are superadditive (i.e. Supermodular ⊆ Superadditive), since super-90

modularity requires the same property of complementarity of marginal utility. One of the key distinctions of91

supermodular valuations from superadditive valuations, however, is that supermodular valuations involve a specific92

type of complementarity where the marginal value of adding an item to a set is higher when the set is larger. In93

this problem, that translates to the following idea: losing one seat that is “relevant” to the set of other seats an94

entity has translates to a larger loss if they have more seats (i.e. a larger group) than if they have fewer.95

To illustrate that the valuation functions of entities on seats is not only superadditive but also supermodular,96

we present a sample valuation over sets of seats. Suppose there are only four seats on the plane: 1A, 1B, 1C, and97

5F. Additionally suppose that our entity is of size three (as in the previous examples). Figure 2 displays the entity’s98

utility on all 16 subsets of seats. In this figure, the entity receives more utility from receiving more seats (satisfying99

superadditivity) and relatively more utility from receiving seats that are closer together than receiving seats that100

are further apart. Once they receive three seats close together, the entity’s marginal utility spikes significantly. For101

an additional seat after that, the marginal utility becomes smaller, but the entity’s valuation on that newer seat is102

still positive and significant. In our example, the family may want this additional seat to store their things on it or103

to have another seat to rely on in case there is an issue with any of their three allocated seats. We will now prove104

that the supermodularity condition holds in our case, given these valuations:105

Let ve(S) be the valuation function of entity e on a subset of seats S. Then, supermodularity implies that, in106

this example,107
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Seat or set of seats ⊆ S Ve

; 0
1A 1
1B 1
1C 1
5F 1
1A, 1C 2
1A, 5F 2
1B, 5F 2
1C, 5F 2
1A, 1B 3
1B, 1C 3
1A, 1C, 5F 4
1B, 1C, 5F 5
1A, 1B, 5F 5
1A, 1B, 1C 15
1A, 1B, 1C, 5F 18

Figure 2. An entity’s utility on all subsets of seats

.

ve(1A, 1B + 1C)− ve(1A, 1B)≤ ve(1A, 1B, 5F + 1C)− ve(1A, 1B, 5F).108

According to Figure 2, that translates to109

15− 3 ≤ 18− 5110

Therefore, entities’ valuations of seats in the airplane problem are not only superadditive, but are also supermodular111

based on their defined valuation functions.112

4 Algorithm113

We must first define a supermodular dependency set as defined in Feige and Izsak [1], as it is critical to the algorithm.114

To define the supermodular dependency set, however, we must first define the marginal valuation function.115

Definition 4.1. Let e be an entity in E and let s be a set in S. The marginal valuation function ve(s|X ) is a function116

mapping each subset X ⊆ S \ {s} to the marginal value of s given X :117

ve(s|X ) := ve(X ∪ {s})− ve(X )118

We can now go on to define a supermodular dependency set:119

Definition 4.2. A supermodular dependency set for a given seat s, De(s), subject to an entity’s valuation function120

ve is the set of other seats s′ in S such that there exists a subset in S \ {s} such that ve(s|S) > ve(s|S \ {s′}). A121

supermodular degree, d, is the maximum number of seats in a supermodular dependency set for a given ve.122
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In the example with the family of three, their supermodular degree would be two. If this family were to be assigned123

one seat s, they would only achieve their maximum marginal utility if they were also assigned to two seats next to124

s in addition to the original seat s. Specifically, for this entity, their supermodular dependency set on seat 1B could125

consist of seats 1A and 1C .126

4.1 Greedy Algorithm127

We utilize the framework proposed in Feige and Izsak [1]. In any given iteration, for an entity e ∈ E and a seat s,128

let De(s) be the set of seats that are supermodularly dependent on seat s subject to valuation ve.129

Algorithm 1 Greedy algorithm for Approximating Welfare Maximization for Supermodular Valuations in the
Airplane Problem
Input: An instance of the airplane problem I(E, S, v) and a supermodular dependency graph for each valuation
function. Output: A solution with approximation guarantee 1

d+2 , where d is the supermodular degree of I(E, S, v).
UnoccupiedSeats← S
Approx← ;
while UnoccupiedSeats ̸= ; do

MaxMarginalWelfare←−1
for all s ∈ UnoccupiedSeats, e ∈ E do

if ve(s, De(s) ∩UnoccupiedSeats | {s′ ∈ S|(s′→ e) ∈ Approx}) > MaxMarginalWelfare then
MaxMarginalWelfare← ve(s, De(s) ∩UnoccupiedSeats | {s′ ∈ S|(s′→ e) ∈ Approx})
BestAlloc← ({s} ∪ (De(s)∩UnoccupiedSeats)→ e)
HappiestEntity← e
AllocatedSeat← s

end if
end for
Approx← Approx ∪ BestAlloc
UnoccupiedSeats← UnoccupiedSeats \ (AllocatedSeat∪ DHappiestEntity(AllocatedSeat))

end while

In this algorithm, if the given entity gains a higher marginal welfare than previously seen from a given seat130

s and it’s corresponding dependency set De(s), that value of marginal welfare is stored as the maximum, the131

allocation is stored as the best allocation, and the entity is stored as the happiest entity, until all unoccupied seats132

and entities have been reached. By treating groups of passengers as entities, we unite their valuation functions on133

seats and their corresponding dependency sets. This, along with the fact that we have supermodular valuations,134

allows us to utilize this algorithm.135

Treating groups of passengers as entities and assuming their valuation functions are supermodular allows us136

to tackle the group constraint with this algorithm. The other two constraints (the WMA constraint and the F2B137

constraint) are also implicitly addressed in this algorithm, as they are factored into MaxMarginalWelfare. On a138

smaller scale, members of a group will also arrange themselves in a manner that maximizes their total utility after139

the algorithm is run. Given that groups are limited to a maximum size of three, this step is trivial.140
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5 Analysis141

5.1 Approximation Guarantee142

In this subsection, we will provide a high-level overview of why this algorithm (Feige and Izsak [1]) provides a143

1
d+2 approximation guarantee, where d is the maximum supermodular dependency degree.144

Let OPT be the optimal solution with value opt and let Approx be the approximation we reach in this algorithm145

with value appx. For iteration i of the loop in line 2 of the algorithm, let Approxi be the allocations made at the146

first i iterations and OPT i be the allocations made by OPT for the items that have not been allocated yet. Let147

Hybridi = Approxi ∪OPT i be a hybrid solution. Let Hybride
i and OPTe

i be the items allocated to Hybridi and OPT i148

to an entity e ∈ E, respectively. Feige and Izsak [1] first prove the following lemma:149

Lemma 5.1. Let i be an iteration of the loop in line 2 of the algorithm and let e∗ be the entity to whom items are150

allocated in that given iteration. Then,151

ve∗(Approxe∗
i )− ve∗(Approxe∗

i−1)≥
1

d+2

∑n
e=1 ve(OPTe

i−1|Approxe
i−1)− ve(OPTe

i |Approxe
i ).152

Let δve∗ = ve∗(Approxe∗
i )− ve∗(Approxe∗

i−1). They go on to prove that153

1. For an item allocated to some e′ ̸= e∗ in OPT, the loss of the value of e′ for not getting the item is at most154

δve∗ .155

2. Having received items in iteration i, the loss in marginal value of future items for e∗ is at most δve∗ .156

Since at most d + 1 items are allocated at each iteration, the first point only “contributes” to the “damage” up to157

(d + 1) · δve∗ . The second point “contributes” up to another δve∗ , and for any other player Hybridi−1 = Hybridi .158

Let s1, ..., sd ′ be the seats allocated at iteration i and let E′ be the set of entities e′ ̸= e∗ such that at least one of159

the seats s1, ..., sd ′ is allocated to e′ in OPT i−1. Let e′ ∈ E′ and let ŝ1, ..., ŝd ′′ ∈ s1, ..., sd ′ be all the items of s1, ..., sd ′160

allocated to e′ in OPT i−1. Then, in the formal calculations of this lemma, the authors find that161

ve′(OPTe′
i−1|Approxe′

i−1)− ve′(OPTe′
i |Approxe′

i )≤ d ′′ · ve∗(Approxe∗
i )− ve∗(Approxe∗

i−1).162

Since there are only d ′′ ≤ d + 1 items allocated and since for every player e /∈ E′ ∪ {e∗}, Hybride
i = Hybride

i−1, they163

find that164

(d + 1) · (ve∗(Approxe∗
i )− ve∗(Approxe∗

i−1))≥
∑

e∈E\e∗ ve(OPTe
i−1|Approxe

i−1)− ve(OPTe
i |Approxe

i ).165

By monotonicity ve(Hybride∗

i )≥ ve(Hybride∗

i−1), they find that166

ve∗(OPTe∗
i−1|Approxe∗

i−1)− ve∗(OPTe∗
i |Approxe∗

i )≤ ve∗(Approxe∗
i )− ve∗(Approxe∗

i−1),167
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proving the lemma. They use this lemma to prove the following approximation guarantee:168

Theorem 5.1. The welfare maximization problem with supermodular degree at most d admits a polynomial time169

greedy 1
d+2 -approximation algorithm.170

To prove the theorem, let x i be the profit of Algorithm 1 at iteration i. Then,171

opt =
∑n

e=1 ve(OPTe
0|Approxe

0)172

=
∑n

e=1

∑t−1
i=0(ve(OPTe

i |Approxe
i )− ve(OPTe

i+1|Approxe
i+1))173

≤ (d + 2) ·
∑t

i=1 x i = (d + 2) · appx,174

proving the approximation guarantee.175

5.2 Satisfying Constraints176

In this algorithm, if a seat s gets allocated to an entity e, it is allocated along with other seats in it’s given dependency177

set, De(s). In our example with the family of three, seat 1B would likely have a dependency set of 1A and 1C . The178

allocation of a seat along with its dependency set allows us to tackle the group constraint seamlessly. By treating179

groups of passengers as individual entities of size |e| and setting up their valuation functions such that they receive180

the highest marginal utility when they receive the |e|th seat, we are able to ensure that when we can maximize181

welfare subject to this groups constraint, as many groups as possible will receive at least |e| seats. In other words,182

we will satisfy the maximum number of groups subject to their constraints and their willingness to pay in this183

algorithm.184

In terms of the other two constraints, WMA and F2B, while we do not explicitly satisfy them in the algorithm, they185

are implicitly met, since the algorithm is maximizing marginal welfare (which takes into account all preferences).186

6 Applications187

In the airline industry, seats are currently either first-come-first-serve or there exists system that requires passengers188

to pay to choose their own seat if they do not want a random seat. Ideally, airline companies would be incentivized189

by ratings or competition with other airlines for customer satisfaction to implement this new model (as it would190

likely result in customers experiencing higher levels of happiness than they do in the current system in place),191

where all passengers are able to provide their preferences and are seated according to the arrangement that192

maximizes their total welfare subject to the aforementioned constraints. In this system, there could be an "opt-out"193

option if, for example, a given passenger i had a highly specific preference of sitting in a particular seat (e.g. 17A).194

In this opt-out option, this passenger i could pay a higher fee to pick their seat first, before the algorithm is run.195

Then, the algorithm would be run normally, just with that seat excluded from S and that entity excluded from in E.196
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This system would be incompatible with the current class system (first class, business class, economy plus,197

economy, etc.), but could work on each class individually. For example, if there was a predetermined range of198

passengers’ willingness to pay, entities above a certain threshold could be automatically put in first class. In that199

case, we can run this algorithm for each class.200

7 Related Work201

Maximizing welfare subject to constraints is a popular topic in economics and algorithmic game theory. Often, the202

question of interest involves maximizing Nash Social Welfare (Kaneko and Nakamura [6]), as it has some interesting203

fairness properties such as envy-freeness, as well as a balanced tradeoff between fairness and efficiency. However,204

much of the work in that field involves maximizing Nash Social Welfare for agents who have submodular valuations,205

including Garg, Kulkarni, and Kulkarni [9] and Garg et al. [2], or Rado valuations, including Garg, Husic, and206

Vegh [5]. The authors of Garg et al. [2], employ a bidding system, in which agents place bids on items in the first207

part of their approach, which is then followed by a round of local search to maximize the product of agents’ welfare.208

The authors of Garg, Husic, and Vegh [5], on the other hand, approximate Nash Social Welfare by approximating209

an integer program and rounding. Unfortunately many findings from Garg et al. [2], Garg, Husic, and Vegh [5],210

and Garg, Kulkarni, and Kulkarni [9] aren’t generalizable to our problem due to inherent differences in valuation211

functions between submodular or Rado valuations and supermodular valuations. Other work, including Cole and212

Gkatzelis [3], has approached approximating Nash Social Welfare under additive valuations by using fractional213

allocations. Finally, another subcategory of papers, such as Caragiannis et al. [4], is focused on discussing fairness214

properties of maximizing Nash Social Welfare. Originally, our goal was also to maximize Nash Social Welfare in the215

airplane problem, however, there is unfortunately little existing work in maximizing Nash Social Welfare subject to216

supermodular or superadditive valuations. As a result, that direction is a great extension of this paper.217

The paper most related to our question of social welfare maximization subject to supermodular valuations218

is Feige and Izsak [1]. We utilize their algorithm in a black-box fashion to compute an allocation that results219

in maximum social welfare in the airplane seating problem. By incorporating the willingness to pay into the220

group constraint, we turn the utility function of each entity into a submodular function and then apply the greedy221

algorithm proposed in Feige and Izsak [1] directly. Many other papers use the concept of weights in their algorithms222

to allow some agents’ preferences to “matter” more than those of other agents. In our case, willingness to pay will223

be equivalent to giving the agents different weights.224
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