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Firms selling perishable products use a variety of techniques to maximize revenue through the dynamic
control of their inventories. One of the most powerful and simple approaches to address this issue con-
sists of assigning threshold values (“bid prices”) to each resource, and to accept requests whenever their
revenue exceeds the sum of the bid prices associated with its constituent resources. In this context, we
propose a new customer choice-based mathematical program to estimate time-dependent bid prices. In
contrast with most approaches from the current literature, ours is characterized by its flexibility. Indeed,
it can easily embed technical and practical constraints that occur in most central reservation systems
(CRS). To solve the model, we develop a column generation algorithm, in which the NP-hard subproblem
is addressed via an efficient heuristic procedure. Our computational results illustrate the performance of

the method, through comparisons with alternative proposals.
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1. Introduction

In network revenue management, capacity control involves the
design of rules that specify whether individual requests for prod-
ucts should be accepted or not, taking into account that products
use resources that are in limited supply. Since the aim is to max-
imize revenue by controlling resource availability over a prespec-
ified booking horizon, this issue is the core of the optimization
process. A popular means of addressing it is through ‘bid prices’,
which were introduced by Simpson (1989) and Williamson (1992).
According to this policy, a request for an available product is ac-
cepted if and only if the revenue exceeds the sum threshold val-
ues (bid prices) associated with the product’s constituent resources
(Talluri & Van Ryzin, 2005).

Among the many approaches to optimal resource allocation that
have been proposed in this context, some take explicitly into ac-
count the choice behavior of rational customers. This is the case
of the deterministic linear programming formulation CDLP intro-
duced by (Bront, Méndez-Diaz, & Vulcano, 2009). However, due in
part to the computational complexity of solving CDLPs of practi-
cal sizes, most Central Reservation Systems (CRS) implement bid
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prices or set booking limits' on the number of products that can
be accessed (Meissner & Strauss, 2012a).

In the airline industry, bid price controls have become the
method of choice for seat inventory control problem for other rea-
sons as well. First, since in each period a single value (bid price)
is assigned to each resource — the number of which is gener-
ally far fewer than the number of products in most real-world
network settings — the number of decision parameters is greatly
reduced. Next, the decision-making process can be implemented
quickly and very simply. Indeed, whenever a request arrives, one
only needs to compare the revenue to the sum of the correspond-
ing bid prices. Finally, the concept of bid price control is intuitive
and easy to understand. Even if the approach cannot theoretically
guarantee the optimal revenue, good bid prices can yet lead to a
significant revenue increase. In some cases, asymptotic optimality
can even be proved under weak assumptions (Talluri & Van Ryzin,
2005).

Talluri and van Ryzin (1998) provided the theoretical founda-
tions for the bid price approach. In particular, they extended the
initial approximation of bid price values as the opportunity cost
of one additional capacity unit by Simpson (1989) and Williamson
(1992). They specified bid prices for each resource, each time

T In the airline industry, this refers to policies that set bounds on fare products.
Bid price policies can be interpreted as ‘dual’ methods that achieve a similar goal.
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period, each capacity. They also provided a two-period counterex-
ample that showed that bid prices do not necessarily yield an op-
timal control policy. More recently, (Topaloglu, 2009) showed how
to compute bid prices that depend on residual resource capacities,
through the Lagrangian relaxation of certain capacity constraints.

In the context of choice based network revenue management,
(Chaneton & Vulcano, 2011) proposed a bid price policy for ad-
dressing a continuous capacity/demand model. The model allows
a simple calculation of the revenue function’s sample path gradi-
ent, which is then embedded within a stochastic steepest ascent
algorithm that converges towards a stationary point of the rev-
enue function. In the static case, (Chaneton, Méndez-Diaz, Vulcano,
& Zabala, 2010) developed a framework for solving the CDLP linear
program, by focusing on offer sets that are compatible with at least
one bid price policy. This feature is shared by our model, where
the compatibility condition explicitly enters the column generation
framework. In a recent work, (Meissner & Strauss, 2012a) describes
a heuristic that iteratively improves an initial guess of bid prices.
Those bid prices could be provided by a dynamic estimate of the
capacities’ marginal values.

Based on the customer choice-based deterministic linear pro-
gramming paradigm, this paper’s main contribution is the design
of a procedure for determining time-dependent bid prices that
is numerically efficient and achieves strong revenue performance.
The model’s structure enables to consider the topology (hub-and-
spoke) of the network, the business rules specific to the industry,
as well as the behavior of customers, who base their purchase de-
cisions upon the products’ attributes of the products and their will-
ingness to pay. In order to solve realistic instances, we develop a
column generation algorithm that is based on an efficient heuris-
tic procedure for solving the NP-hard subproblem, in the spirit of
Chaneton et al. (2010). In parallel, we introduce two filtering ap-
proaches that reduce the size of the problem. These are compati-
ble with arbitrary control policies and allow the exact solution of
small instances by off-the-shelf solvers.

The rest of the paper is organized as follows. Section 2 is de-
voted to the formulation of the inventory management model, i.e.,
a bid price model for choice-based network revenue management.
Solution algorithms are presented in Section 3. In Section 4, we
provide computational results, as well as comparisons with al-
ternative approaches from the recent literature. Finally, conclud-
ing comments and avenues for further research are outlined in
Section 5.

2. Problem formulation

In this section, we introduce the general definitions and no-
tation, and provide mathematical formulations of the bid price
model.

2.1. General definitions and notation

Let us consider a set of products j € J={1.2.....|J|}, com-
posed of resources i € [ ={1,2,...,|l|}. The use of resources i ¢
I={1,2,..., ]|} by the products is specified by an incidence ma-
trix A of dimension |I| x |J|, whose binary elements are defined
as

1, if resource i is used by product j,
aij = .
0, otherwise.

We associate with each product a revenue (fare) r;, and with each
resource a capacity ¢;. We denote by r (respectively c) the fare (re-
spectively capacity) vector.

To account for the heterogeneity of the population, customers
are partitioned into segments indexed by | e L ={1,2,..., IL|} and
is characterized by attributes: time, price, path preferences, etc.

The probability that a customer belong to segment [ is given by p;.
We associate with each segment [ the consideration set I';, which
specifies the subset of products considered by a customer belong-
ing to segment [. The utility of product j to a member of segment
l'is denoted by v;;.

Time t e T = {1,2,...,|T|} runs forward in discrete increments.
Within each time period ¢, the firm must decide which subset
S < J of products is made available to customers. The binary vari-
able &;(S) is then set to 1 if product j belongs to set S, and to 0
otherwise.

The arrival process of customers is governed by independent
Poisson processes of respective rates A; = Ap;. The total arrival rate
is then A = Y1, &

Let P;(S) denote the probability that a customer select product
J, and let Po(S) =1 — 375 P;(S) be the residual probability associ-
ated with the no-purchase option. Assuming that customers’ choice
probabilities are dictated by a discrete choice model, the probabil-
ity that customer [ select an available product j € S is given by
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This definition is compatible with the multinomial logit choice
model, where v;; is the value assigned to product j by a customer
from segment . We set v;; =0 if ¢I'.

Since the firm does not have prior knowledge of the segment
associated with an arriving customer, the probability that a prod-
uct j be selected is given by

B;($) = (1)

(2)

IL|

Pi(S) =Y piP;(S). (3)
I=1

For a specific offer set S, the expected revenue is expressed as

R(S) = "1iP;(S). 4)
jeS

Now, let Q;(S) denote the probability of using a unit of resource i €
I, regrouped into the vector Q(S). Letting P(S) = (P;(S),....Pa(S))T,
we can write

Q(S) = AP(S). (5)
Based on this notation, a bid price policy assigns to each resource i
a bid price ;. According to a policy 7 = (71;);¢;, @ product j € S is
offered at time ¢, i.e., j belongs to S, if and only if

rj> Zauﬂir- (6)

iel
2.2. Model formulation I

For each time index t € T, let us denote by &; the binary vari-
able that specifies whether product j belongs to the set S at time ¢,
and by & the vector obtained by concatenation of these variables.
The bid price policy that achieves the highest return is than an op-
timal solution for the mathematical program:

Eielyj
BID-la:  max Apri—2 (7)
T D e
subject to
§ievy .
ADGij S <¢ Viel, (8)
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ri > Zaijmt
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& Ep=1 VteT Vijej (9)
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