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Abstract

Modern revenue management systems enable firms to make sophisticated pricing deci-
sions over the course of a sales season. Many of these systems operate within what one
might refer to as the “estimate, then optimize” paradigm where estimation and optimiza-
tion are two distinct, interleaved activities. This thesis will discuss two research efforts
that explore moving away from such a paradigm.

We begin with the study of a simple model of one-resource revenue management
that incorporates uncertainty in demand statistics. The opportunity to learn more about
demand over the course of the sales season introduces a tension between ‘“‘exploratory”
pricing that attempts to learn quickly and “exploitative” pricing that attempts to exploit
existing demand knowledge so as to maximize revenues. We present a simple heuristic
that addresses this trade-off in a transparent, operationally intuitive, manner. We establish
that pricing decisions that account for this trade-off offer significant increases in revenue
over repeated cycles of “estimate, then optimize.”

We next turn our attention to the dynamic capacity allocation problem that airlines
face. We will present new approximate dynamic programming based algorithms for this
large-scale problem that allow for a seamless integration of complex demand forecast
models within the optimization framework. The algorithms we develop are scalable to
large problems and we present computational results that suggest a significant improve-
ment over methods that rely on frequent re-optimization using a popular linear program-

ming based heuristic.
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Chapter 1

Revenue Management Beyond

‘“Estimate, Then Optimize”

“Revenue Management” (or RM for short) is today a ubiquitous area of operations re-
search that is concerned with developing into a science, the art of selling the right item,
to the right person, at the right price. This thesis is concerned with addressing the flaws
of an operational paradigm we refer to as “estimate, then optimize”, that has become
commonplace in the modern practice of revenue management. Our objective is to pro-
pose new schemes that, by appropriately addressing these flaws, are capable of adding to

the revenues generated by existing RM mechanisms.

This chapter begins with a brief introduction to the field of revenue management.
We then introduce the “estimate, then optimize” paradigm in the context of two fairly
commonplace RM models. After a discussion of the flaws inherent to this paradigm,
we provide a brief overview of the contributions made by this thesis in addressing those
flaws. We restrict ourselves in this chapter to a high level, qualitative discussion; sub-
sequent chapters will make more detailed arguments supported either by mathematical

results or computational evidence.
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1.1 What is Revenue Management?

Revenue management has over the years come to be associated with a broad variety of
sales practices across an equally broad array of industries. It is therefore natural that
any attempt at a concise description of the term is likely to fail to capture the finer nu-
ances of the practice. Nonetheless, we attempt to provide such a description: Revenue
management refers to the optimal or near-optimal use of a sales mechanism so as to
maximize over some period, expected revenues from the sale of one or more products,
each requiring quantities of one or more potentially scarce resources. While certainly
not comprehensive, this definition is rather broad. In particular, the products in question
could be essentially anything ranging from airline tickets, hotel rooms and fashion goods
on the one hand, to power and natural gas on the other. The sales mechanisms employed
could also vary widely. For example, a product may be sold at a posted price in which
case the seller must decide on what prices to post over time. As another example, items
of a product may be auctioned in which case the seller must design a suitable auction
mechanism. Finally, the phrases “optimal use” and “maximize expected revenues” sug-
gest a well specified mathematical optimization problem and a number of reasonable
formulations are likely to be viable for a given revenue management problem. The very
act of selling a product entails making the types of decisions we have alluded to and it is
this last feature — the mathematical systematization of the typical decisions that must be

made by a seller — that distinguishes RM.

To get a sense for the diversity inherent to the practice of RM, consider the following
instances: Airlines offer an array of “fare-products” (which are essentially itinerary-
price-restriction combinations) whose availability are carefully modulated over time us-
ing RM tools. Potential customers arrive through varied sources such as internet travel
sites or through a travel agent which in turn, through an interface with the airline’s reser-
vation management system, allow the customer to choose from fare-products that are
available at that point in time. Fashion goods are typically sold through retail outlets
where prices posted for various items are adjusted multiple times over the course of a
sales season based on a multitude of factors including the perceived popularity of the

item and its availability. Again such price adjustments often require the support of an
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RM system. As yet another example, Natural gas pipeline operators offer a variety of
gas delivery contracts at rates that depend on available capacity on their pipelines and gas
futures prices in spot markets (such as the New York Mercantile Exchange); customers
are typically utility companies or large industrial units and purchases may be made either
directly or through online market places such as the Intercontinental Exchange. Again,

RM systems aid managers in pricing such products.

Effective RM tools can have an enormous impact on the revenues and profits of a
firm. While there is no dearth of examples across industries, one of the most notable,
and perhaps earliest, success stories is the American Airlines RM system “DINAMO”.
By carefully controlling the availability of various fare-products on their network via
DINAMO, American estimates that they added 1.4 Billion dollars to their bottom line
for the period from 1989-92 (see |Smith et al.| (1992))). This level of success, however,
is contingent upon a number of factors. These include: engineering an information pro-
cessing system that streamlines the sales process and the acquisition of sales data that
a manager might find useful, building mathematical models that capture features of the
sales process that managers believe to be important, and finally the design of algorithmic
tools to support decision making within these models. There are two broad classes of

algorithmic problems that arise in this context:

Forecasting and Estimation: A “forecast model” is a black box that predicts demand
for products based on factors such as price, popularity and historical demand for that
product and similar products, market factors such as competitor prices and so forth.
Firms treat their proprietary forecast models as trade secrets. Designing good forecast
models is an art and typically requires an experts intuition. Using a forecast model typi-
cally requires some manner of statistical estimation — be it regressions against historical
data to estimate forecast model parameters, or Bayesian updating to estimate state in
a state-space model of demand. As such the design of forecast models and estimators

leverages a number of tools from the statistics and econometrics literature.

Optimization: Many revenue management problems are posed as optimization prob-
lems; inventory constraints and uncertainty in demand make these problems stochastic
and dynamic. These optimization problems are often computationally difficult, the chief

difficulty arising from having to jointly manage inventory levels of multiple resources
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and from the complexities of the processes that describe demand. Optimal solution is
rarely possible, and heuristics that relax inventory constraints in certain ways or that
make simplifying assumptions about demand are often called for.

This thesis is concerned with issues that arise in the design of optimization tools for
an RM system. We next introduce two problems that arise in the context of retail and
airline RM respectively. These will serve as illustrative examples for our discussion over

the remainder of this chapter.

1.2 Problems and Models: Two Examples

Example 1. Dynamic Pricing for a Single Product

Consider a retailer selling a single product over some finite sales season. At every
point in time, the retailer must post a price should he have inventory of the product on
hand. An arriving customer must pay the posted price at that time should he choose to
acquire the product. In building an RM system to decide what price to post at each point

in time, the retailer might begin with the following modeling assumptions:

1. Potential customers arrive according to some stochastic point process (say a Pois-

son process).

2. Arriving customers have “reservation prices” and make a purchase if and only if

their reservation price exceeds the posted price.

3. Reservation prices are themselves random and distributed according to some known

distribution.

With these three modeling assumptions, and assuming the retailer has succeeded in es-
timating the rate at which customers arrive and their reservation price distribution, one
may show that his optimal pricing decision is a function of the time remaining in the
sales season and the inventory he has on hand. Dynamic programming may then be used

to compute the optimal price function.

Example 2. Capacity Control for Airline Network RM
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Consider an airline that operates flights across a network of cities. The airline sells
fare-products, a given fare-product being completely specified by its associated itinerary,
price and restrictions (such as the non-refundability of a canceled ticket). In selling
tickets for flights on a particular date in the future, the airline must at suitably frequent
intervals of time up to that date decide which fare-products it will make available until
the next decision epoch. Of course, the airline can make available a given fare-product
only if it has seats available on the flight legs required for that product[l An arriving
customer may be interested in a subset of fare-products offered by the airline and must
choose among available products (or not purchasing). Again, the retailer might begin

with a few modeling assumptions:

1. Arriving customers have reservation prices for each of the products available upon
their arrival and choose to purchase the product that maximizes their surplus (that
is, the difference between their reservation price for the product and its price). A

customer buys nothing if no product offers him a positive surplus.

2. Customer reservation prices for the products offered are themselves random and
jointly distributed according to some known distribution; there are several cus-
tomer “types” — each type is associated with a specific joint distribution of reser-

vation prices.

3. Potential customers of each type arrive according to some stochastic point process

(such as a Poisson process) specific to that type.

Again, assuming that the revenue manager is able to estimate the required arrival rates
and reservation price distributions, the optimal capacity allocation decision at every
point in time may be shown to be a function of available capacities on each network leg
and the time remaining to the end of the sales horizon. The optimal capacity allocation
function may be found via dynamic programming, though the compute time required

would likely render such an approach impractical.

A seller is ultimately interested in the net proceeds from all sales over the course of

a sales season and the sales mechanisms implicit in Examples (1| and [2| are by no means

! Although, in general one may also consider over-booking
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the only — or most suitable — mechanisms possible. For example, the retailer may choose
to sell products via a dynamic auction of some sort. In the case of airline network ca-
pacity allocation the notion of a fare-product is somewhat synthetic — at the very least it
imposes an unnecessary discretization on the price a consumer is charged. Deciding on
the “right” sales mechanism, while important, depends on a large number of factors in-
cluding laws (such as those forbidding price discrimination) or the infrastructure in place
to support the sales mechanism (such as the computer reservation processing system an
airline might have in place). As such, many industries including the airline and fashion
retail industries have established sales mechanisms in place that have seen few, if any,
fundamental changes in decades. We will, in problems we consider in this thesis, not

consider these issues and instead treat the sales mechanism as a given.

Example || outlines a potential RM system for the retailer’s problem. Its success
hinges on the validity of the modeling assumptions and the ability of the retailer to es-
timate customer arrival rate and the reservation price distribution. Having done so, the
relevant dynamic program is in fact quite simple. Even so, it is unlikely that accurate
estimates of the type needed are available at the start of a sales season, and in practice

these estimates might be refined as the sales season unfolds.

The network capacity control problem is more complex. For one, even if the mod-
eler were able to identify customer types, it is unlikely that sufficient data for reliable
estimates of joint reservation price distributions for each of these types will be avail-
able. Even if these difficulties could somehow be surmounted, the relevant dynamic
optimization problem that one must solve to compute optimal capacity allocation deci-
sions suffers from the “curse of dimensionality” and is, for all practical purposes, not
amenable to efficient solution. This necessitates the consideration of further specialized
models. For example, one may restrict attention to parametric families of reservation
price distributions. Assuming that the data to estimate such a model is available one is
still left with a difficult dynamic optimization problem. A natural simplification is to
assume customer arrival processes are deterministic with rates that agree with observed
averages. In doing so, we are left with a far simpler, often tractable, optimization prob-
lem. While such simplifications yield tractability, it is clear that models of this nature

are likely to provide very crude descriptions of demand and not leverage the full power
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of a good forecast model’s abilities. Coping with these difficulties is something of an
art, but typical strategies include repeated model re-estimation and optimization of the

re-estimated model.

1.3 ‘‘Estimate, Then Optimize”

Consider a vendor of Winter apparel. New items are stocked in the Autumn and sold over
several months. Because of significant manufacturing lead times and fixed costs, items
are not restocked over this period. Evolving fashion trends generate great uncertainty in
the number of customers who will consider purchasing these items. To optimize revenue,
the vendor should adjust prices over time. But how should these prices be set as time
passes and units are sold? At first sight, this problem appears amenable to the type of
modeling that Example[I|suggests. A problematic issue however, is that at the start of the
sales season, the retailer is unlikely to have reliable estimates of the customer arrival rate
or perhaps even the reservation price distribution required for that model. How might

one address this issue?

One pragmatic solution proceeds as follows: Start with a guess for the customer
arrival rate and reservation price distribution. There are many reasonable ways of coming
up with a good guess. For example, market research or historical sales data for similar
products that were sold in the past might be used to estimate these quantities. Given such
a guess, solve the necessary dynamic optimization problem to compute an optimal price
(assuming the guess is correct). As the sales season unfolds, the retailer accumulates new
data on the frequency with which he sees customers purchasing his product at various
price levels which in turn allows him to refine his guess of arrival rate and reservation
price distribution. He then solves a new dynamic optimization problem based on these
revised estimates and proceeds to price based on the solution to this new problem. A
procedure of this type could potentially be repeated many times over the course of a
sales season with estimates that improve over time. For obvious reasons, we refer to this

as the “estimate, then optimize” paradigm.

There are some qualitative differences in the nature of the demand uncertainties faced
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by a fashion retailer and an airline revenue manger. In particular, the airline is in a posi-
tion to produce more accurate demand forecasts. For instance, the airline will have ac-
cess to large quantities of historical data that let the airline calibrate complex forecasting
models. Such models might be capable of predicting demand contingent on historical
information and various other relevant factors. One mathematical abstraction for such
a forecasting model is a Markov-modulated Poisson process with partially observable
modulating states. The role of estimation here is then to estimate the underlying state in

such a model.

The underlying dynamic optimization problem for the capacity allocation problem
is challenging even in the context of simple stochastic demand processes (such as time
homogeneous Poisson processes). As such, it is not uncommon in formulating an opti-
mization problem, to assume that demand for a given fare product is deterministic and
equal to the expected forecasted demand, and make allocation decisions based on such an
assumption. The revenue manager then relies on frequently updating the demand quanti-
ties assumed by the optimization algorithm in the hope that this corrects for the fact that
the algorithm assumes a model that is a poor description of reality although this clearly
fails to utilize all of the forecasting models potential predictive abilities. Although more
complex, the “estimate, then optimize” cycle in the case of network capacity control con-
tinues to fulfill the same two basic needs as it did in the case of the retailers problem: one
is the need to compute updated forecasts, and the second is to update the optimization

model inputs so as to compensate for the fact that it assumes a crude model for demand.

The “estimate, then optimize” paradigm is a natural means to addressing the com-
plexities inherent to revenue management in the face of large uncertainties in demand.

But it is not without its flaws:

1. Optimizing assuming the ‘“wrong” model of demand: For an optimization al-
gorithm to use a cruder model of customer demand than is available is an obvious
shortcoming. Over each optimization phase, the retailer assumes that demand is a
Poisson process of a deterministically known rate, whereas in reality there is un-
certainty in this rate which is unaccounted for; depending on the precise nature of

this uncertainty, the retailer may want to adjust prices so as to hedge effectively
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against the possibilities of a favorable or unfavorable demand environment. Simi-
lar problems are evident with using a crude demand model in the network capacity
control case. In particular, consider the following toy forecast model: the model
predicts constant demand up to a certain point in time. Beyond that point, demand
either goes up by 20 % or falls by 20 % with equal probability. Under the “esti-
mate, then optimize” paradigm, an optimization algorithm that operates based on
expected demand forecasts will assume that demand is to remain constant over all
time, and updates this assumption only once demand actually does change. Such
an algorithm cannot be expected to hedge effectively between the two potential

outcomes of demand going up by 20 % or falling by 20 %.

2. Ignoring the incentive to learn: The price set by the fashion retailer impacts,
in addition to his revenues, the rate at which he is able to learn about customer
demand. In particular, price serves to censor demand, so that at high prices the
retailer learns slowly thereby potentially wasting precious selling time, whereas at
low prices he learns quickly but at the expensive of potentially precious inventory.
Clearly a trade-off needs to be made between eliminating uncertainty in demand
statistics, exploiting existing demand knowledge and hedging against the possi-
bility that demand for the product is in fact higher than expected. The “estimate,
then optimize” paradigm ignores these trade-offs entirely. The same criticism is
relevant to the case of network capacity control as well. In particular, the relevant
inputs to a forecast model for network capacity control need to be estimated. For
example, in the case of Markov-modulated demand with partial observability, the
underlying arrival rate modulating state needs to be estimated. A high degree of
uncertainty in the underlying state might call for controls that quickly eliminate

this uncertainty so as to have accurate forecasts available.
These flaws are by no means subtle. We are naturally led to wonder:
e Would addressing these issues produce a tangible impact on revenues?
e Can these flaws be addressed in a manner that is robust and efficient?

Our intention is to explore these questions.
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1.4 Beyond “Estimate, Then Optimize”

This thesis makes an attempt to move beyond the “estimate, then optimize” paradigm
and address some of its flaws. The paradigm — like our discussion thus far — is quite
general and making progress requires us to specialize our attention in several ways. For
one, formulating well posed problems will require us to restrict focus to specific revenue
management models. We focus in turn on two models very similar in spirit to those
suggested in Examples |1|and 2l Both models we consider are natural generalizations of
optimization models commonplace in the academic RM literature. The generalizations
we incorporate allow for richer forms of demand uncertainty and capture features of real
world problems that we believe are generally ignored in the formulation of RM optimiza-
tion problems for want of tractable solution techniques; they are instead typically dealt
with via repeated iterations of estimation followed by re-optimization.

We consider in Chapter 2, a model for one product dynamic pricing where we in-
corporate uncertainty in demand via the introduction of a prior on customer arrival rate;
such models typically call for the solution of high dimensional dynamic programming
problems and standard models typically ignore this type of uncertainty. In addition to
having several potential real-world applications, our model allows us to understand in a
precise way some of the flaws inherent to a scheme based on “estimate, then optimize”.

Chapter 2 makes several contributions. Among them:

e We propose “decay balancing” — a simple, new heuristic for dynamic pricing in the
face of demand uncertainty. Unlike methods that rely on repeated re-optimization
based on revised estimates of expected arrival rate, decay balancing prices implic-
itly account for the level of uncertainty in making pricing decisions. While being
no more complex than a typical “estimate, then optimize” type scheme, decay bal-

ancing shows performance improvements of up to about 30% over such schemes.

e We demonstrate performance guarantees for our heuristic, including a uniform
performance bound: For Gamma priors on arrival rates and exponential reserva-
tion prices, Decay balancing is a 3-approximation algorithm. Such bounds are
indicators of robustness across all parameter regimes; computationally observed

performance losses are on the order of 1-2%.
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e We derive key structural properties that an optimal scheme must possess and show

that Decay Balancing inherits these properties.

In the previous section, we were led to ask whether overcoming the flaws inherent
to the “estimate, then optimize” paradigm could have a tangible impact on revenues,
and whether this could be accomplished via simple schemes. For the one product RM
model introduced in Chapter 2, decay balancing provides an affirmative answer to both
questions.

Chapter 4 considers a model for network RM wherein customers arrive according
to a Markov modulated Poisson process. This is a substantial generalization of the de-
terministic rate customer arrival processes considered in a majority of the network RM
literature. It is an important generalization since it allows for the integration of relatively
complex demand forecast models in the optimization process. One might hope that op-
timal or near optimal solutions to dynamic optimization problems that arise from such
models would lead to improvements over schemes that rely on solutions to optimization
problems that assume far cruder models of demand (such as expected demand forecasts).
Solving such optimization problems however is non-trivial, and Chapter 4 makes several

contributions in this direction:

e We develop an approximation algorithm for a dynamic capacity allocation problem
arising from a network RM model with Markov modulated arrival rates. Our algo-
rithm is based on the linear programming (LP) approach to approximate dynamic

programming (DP).

e Our algorithm demonstrates performance gains of up to 8% over an approach that
uses only expected demand forecasts. The approach we compare our performance

to is representative of the state of the art in network RM optimization.

e Our algorithm is scalable. In particular, its use requires the one time solution of a

single LP that even for large networks could potentially be solved in minutes.

Chapter 4 proposes models and algorithms with a view to allowing for more realistic

demand modeling in optimization for network RM. The results in that chapter suggest
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that doing so is likely to be viable in practice and could in addition to yielding levels
of performance superior to the state of the art, substantially reduce dependence on the
frequent re-optimization necessary for optimization models that assume crude models of
demand.

The “estimate, then optimize” paradigm is applicable to a number of models beyond
the scope of this thesis and is an approach that is easily understood and adapted. The
schemes we propose on the other hand, while relatively simple to implement, are tai-
lored to specific models. The decay balancing heuristic can be extended to models other
than the vanilla one-product dynamic pricing problem in Chapter 2 (see Chapter 3), and
the approximate DP approach that drives the algorithms in Chapter 4 is almost certainly
applicable to many problems in RM that call for the solution of high dimensional dy-
namic programs. Nonetheless, moving beyond the “estimate, then optimize” paradigm
in general is likely to require some effort on the part of the algorithm designer. In a world
where 1-2% gains in revenue have potentially large implications for the profits of a firm,

this effort is likely to be well rewarded.

1.5 Further reading

Revenue management is a fairly broad area of research and borrows heavily from fields
such as marketing, statistics and stochastic control. The books by Talluri and van Ryzin
(2004) and Phillips| (2005) are excellent, encyclopedic resources for a broad overview
of the area. Little is available in the way of literature on the estimation and forecasting
practices in the RM industry, and these texts are among the few thorough treatments of
those areas. In contrast, much of the academic RM literature is dedicated to optimization
problems that arise in various RM contexts.

There are a number of papers on various aspect of airline RM. Smith et al. (1992)
provides an overview of the RM heuristics that went into building American Airlines’
first successful RM system DINAMO while |P.P.Belobabal (2001) surveys industry prac-
tice. Papers by |Gallego and van Ryzin| (1997), Bertsimas and de Boer (2005), |van Ryzin
and McGill| (2000) and Bertsimas and Popescu (2003) are representative of modern al-

gorithmic approaches to the network RM dynamic capacity allocation problem. The
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main thrust of the work in these papers is designing effective means of dealing with the
curse of dimensionality that arises from having to jointly manage multiple resources in
network RM problems. RM for the natural gas and fashion industries are of relatively
newer vintage; as examples, (Talluri and van Ryzin| (2004) discuss RM problems that
arise in the natural gas industry while Bitran and Mondschein (1997) consider optimal
markup/ markdown policies for fashion retail.

Gallego and van Ryzin| (1994) undertake a detailed study of a model similar to that
in Example [I] and provide optimal and heuristic dynamic pricing policies under the as-
sumption of known arrival rates and reservation price distributions while a subsequent
paper (Gallego and van Ryzin| (1997)) considers the multi-dimensional (that is, multi-
resource, multi-product) generalization to that problem. Alternative sales mechanisms —
such as dynamic auctions — have not been throughly studied in an RM context. |Vulcano
et al. (2002) explores the use of a dynamic auction for a one resource, finite time horizon
revenue management problem.

The “estimate, then optimize” paradigm has received little attention in the literature;
an exception is Eren and Maglaras| (2006) that points out the potential dangers of using
such an approach for a certain one product RM problem. Other authors have recognized
some of the flaws inherent to the paradigm in the context of problems such as examples

[I]and [2] and proposed alternatives; we will discuss that work in subsequent chapters.



Chapter 2

Dynamic Pricing with an Uncertain

Market Response

This chapter studies a problem of dynamic pricing faced by a vendor with limited inven-
tory, uncertain about demand, aiming to maximize expected discounted revenue over an
infinite time horizon. The vendor learns from purchase data, so his strategy must take
into account the impact of price on both revenue and future observations; a key flaw
of the “estimate, then optimize” paradigm was its failure to account for this trade-off.
We focus on a model in which customers arrive according to a Poisson process, each
with an independent, identically distributed reservation price. Upon arrival, a customer
purchases a unit of inventory if and only if his reservation price equals or exceeds the
vendor’s prevailing price.

We propose in this chapter a new heuristic approach to pricing, which we refer to as
decay balancing. Among other performance bounds, we establish that when reservations
prices are exponentially distributed and the vendor begins with a Gamma prior over ar-
rival rates, decay balancing always garners at least one-third of the maximum expected
discounted revenue. This is the first heuristic for problems of this type for which a uni-
form performance bound is available. We also establish that changes in inventory and
uncertainty in the arrival rate bear appropriate directional impacts on decay balancing
prices, in contrast to the recently proposed certainty equivalent and greedy heuristics.

Further, we provide computational results to demonstrate that decay balancing offers

14
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significant revenue gains over these alternatives. The decay balancing heuristic may be
extended to several interesting related models; we pursue these extensions in the next
chapter.

The remainder of this chapter is organized as follows: Section [2.1] introduces the
problem and places it in the context of other work in the general area of pricing in the
face of demand uncertainty. In Section we formulate our model and cast our pricing
problem as one of stochastic optimal control. Section develops the HIB equation
for the optimal pricing problem in the contexts of known and unknown arrival rates.
Section [2.4]introduces an existing “estimate, then optimize” style heuristic (the certainty
equivalent heuristic) for the problem, while section introduces a recently proposed
heuristic that attempts to address the flaws inherent to an “estimate, then optimize” based
approach. Section [2.6]introduces decay balancing which is the focus of this chapter. This
section also discusses structural properties of the decay balancing policy. Section is
devoted to a performance analysis of the decay balancing heuristic. When the arrival
rate is Gamma distributed and reservation prices are exponentially distributed, we prove
a uniform performance guarantee for our heuristic. Section [2.§] presents a computational
study that compares decay balancing to certainty equivalent and greedy pricing heuristics
as well as a clairvoyant algorithm. Finally, in Section [2.9| we conclude with thoughts on

future prospects for this work.

2.1 Introduction

In motivating the need to consider moving beyond the “estimate, then optimize” paradigm,
the last chapter considered the example of a vendor of winter apparel who needed to ad-
just prices over time in the face of limited inventory and great uncertainty in the number
of customers who might consider purchasing his product. This is representative of prob-
lems faced by many vendors of seasonal, fashion, and perishable goods.

There is a substantial literature on pricing strategies for such a vendor (see [Talluri
and van Ryzin| (2004) and references therein). |Gallego and van Ryzin (1994), in par-
ticular, formulated an elegant model in which the vendor starts with a finite number of

identical indivisible units of inventory. Customers arrive according to a Poisson process,
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with independent, identically distributed reservation prices. In the case of exponentially
distributed reservation prices the optimal pricing strategy is easily derived. The analysis
of Gallego and van Ryzin| (1994) can be used to derive pricing strategies that optimize
expected revenue over a finite horizon and is easily extended to the optimization of dis-
counted expected revenue over an infinite horizon. Resulting strategies provide insight
into how prices should depend on the arrival rate, expected reservation price, and the

length of the horizon or discount rate.

Our focus in this chapter is on an extension of this model in which the arrival rate
is uncertain and the vendor learns from sales data. Incorporating such uncertainty is un-
doubtedly important in many industries that practice revenue management. For instance,
in the Winter fashion apparel example, there may be great uncertainty in how the market
will respond to the product at the beginning of a sales season; the vendor must take into
account how price influences both revenue and future observations from which he can

learn.

In this setting, it is important to understand how uncertainty should influence price.
However, uncertainty in the arrival rate makes the analysis challenging. Optimal pricing
strategies can be characterized by a Hamilton-Jacobi-Bellman (HJB) Equation, but there
is no known analytical solution. Further, for arrival rate distributions of interest, grid-
based numerical methods require discommoding computational resources and generate
strategies that are difficult to interpret. As such researchers have designed and analyzed

heuristic approaches.

Aviv and Pazgal (2005)) studied a certainty equivalent heuristic for exponentially dis-
tributed reservation prices which at each point in time computes the conditional expec-
tation of the arrival rate, conditioned on observed sales data, and prices as though the
arrival rate is equal to this expectation. This is precisely the “estimate, then optimize”
paradigm and it inherits the flaws of that paradigm we pointed out in the introductory
chapter. In particular, it uses an incorrect demand model and further ignores the incen-

tive to learn.
In an effort to address these flaws |Araman and Caldentey| (2005) recently proposed a
more sophisticated heuristic that takes arrival rate uncertainty into account when pricing.

The idea is to use a strategy that is greedy with respect to a particular approximate value
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function. In this chapter, we propose and analyze decay balancing, a new heuristic ap-
proach which makes use of the same approximate value function as the greedy approach
of |Araman and Caldentey| (2005).

Several idiosyncrasies distinguish the models studied in /Aviv and Pazgal| (2005) and
Araman and Caldentey (2005). The former models uncertainty in the arrival rate in
terms of a Gamma distribution, whereas the latter uses a two-point distribution. The
former considers maximization of expected revenue over a finite horizon, whereas the
latter considers expected discounted revenue over an infinite horizon. To elucidate rela-
tionships among the three heuristic strategies, we study them in the context of a common
model. In particular, we take the arrival rate to be distributed according to a finite mixture
of Gamma distributions. This is a very general class of priors and can closely approx-
imate any bounded continuous density. We take the objective to be maximization of
expected discounted revenue over an infinite horizon. It is worth noting that in the case
of exponentially distributed reservation prices such a model is equivalent to one with-
out discounting but where expected reservation prices diminish exponentially over time.
This may make it an appropriate model for certain seasonal, fashion, or perishable prod-
ucts. Our modeling choices were made to provide a simple, yet fairly general context for
our study. We expect that our results can be extended to other classes of models such as

those with finite time horizons, though this is left for future work.

When customer reservation prices are exponential and the arrival rate is Gamma dis-
tributed we prove that decay balancing always garners at least 33.3% of the maximum
expected discounted revenue. Allowing for a dependance on the number of sales we can
show that after four sales decay balancing achieves at least 80% of optimal performance
thereafter. It is worth noting that no performance loss bounds (uniform or otherwise)
have been established for the certainty equivalent and greedy approaches. Further, our
computational results suggest that our theoretical bounds are conservative and also that
decay balancing offers substantial increases in revenue relative to certainty equivalent
and greedy approaches. Surprisingly, though the two heuristics are based on the same
approximate value function, switching from the greedy approach to decay balancing can
increase expected discounted revenue by over a factor of three. Further, uncertainty in

the arrival rate and changes in inventory bear appropriate directional impacts on decay
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balancing prices: uncertainty in the arrival rate increases price, while a decrease in inven-
tory increases price. In contrast, uncertainty in the arrival rate has no impact on certainty

equivalent prices while greedy prices can increase or decrease with inventory.

Aside from|Aviv and Pazgal (2005) and Araman and Caldentey (2005), there is a sig-
nificant literature on dynamic pricing while learning about demand. |Lin/ (2007) considers
a model identical to|Aviv and Pazgal (2005) and develops heuristics which are motivated
by the behavior of a seller who knows the arrival rate and anticipates all arriving cus-
tomers. [Bertsimas and Perakis| (2003)) develop several algorithms for a discrete, finite
time-horizon problem where demand is an unknown linear function of price plus Gaus-
sian noise. This allows for least-squares based estimation. |Lobo and Boyd! (2003) study
a model similar to |Bertsimas and Perakis|(2003) and propose a “price-dithering” heuris-
tic that involves the solution of a semi-definite convex program. All of the aforemen-
tioned work is experimental; no performance guarantees are provided for the heuristics
proposed. Cope| (2006) studies a Bayesian approach to pricing where inventory levels
are unimportant (this is motivated by sales of on-line services) and there is uncertainty
in the distribution of reservation price. His work uses a very general prior distribution
(a Dirichlet mixture) on reservation price. Modeling this type of uncertainty within a
framework where inventory levels do matter represents an interesting direction for future
work. In contrast with the the above work, Burnetas and Smith| (1998) and Kleinberg
and Leighton (2004) consider non-parametric approaches to pricing with uncertainty in
demand. However, those models again do not account for inventory levels. Recently,
Besbes and Zeevi (2006) presented a non-parametric algorithm for ”blind* pricing; they
present a pricing algorithm for pricing multiple products that use multiple resources, sim-
ilar to the model considered in Gallego and van Ryzin (1997)). Their algorithm requires
essentially no knowledge of the demand function. While the algorithm is optimal under a
certain fluid-limit like scaling, the algorithm requires testing every possible price vector
within a multidimensional grid which represents a discretization of the space of price

vectors.
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2.2 Problem Formulation

We consider a problem faced by a vendor who begins with x identical indivisible units
of a product and dynamically adjusts price p; over time ¢ € [0,00). Customers arrive
according to a Poisson process with rate \. As a convention, we will assume that the
arrival process is right continuous with left limits. Each customer’s reservation price is an
independent random variable with cumulative distribution F'(-). A customer purchases a
unit of the product if it is available at the time of his arrival at a price no greater than his
reservation price; otherwise, the customer permanently leaves the system.

For convenience, we introduce the notation F'(p) = 1 — F(p) for the tail probability.

We place the following restrictions on F'(+):
Assumption 1.

1. F(-) has a density f(-) with support R.

2. 2P s an increasing function of p, where p(p) = I®) s the hazard rate function

F(p) (p)
for F.

3. p—1/p(p) is a surjective function of p with R™ in it’s range.

The first assumption is a regularity assumption. Now, one may think of F(p) = ¢
as the expected quantity of the product sold at price p garnering the seller an expected
revenue of R(p) = pF(p). By the first part of Assumption|l} given a quantity ¢ € (0, 1],
the unique price that achieves this expected quantity is given by p(q) = F~1(1 — q),
so that expected revenue can also be thought of as a function of ¢, R(q) = R(p(q)).
The marginal revenue to the seller with respect to quantity is then given by dR /dq =
p(q) — 1/p(p(q)). S. Ziya and Foley| (2004) note that if f is differentiable, the second
assumption is equivalent to the statement that marginal revenue with respect to quantity
is increasing in price and equivalently, decreasing in quantity. This is a reasonable eco-
nomic premise. If the first and second parts of Assumption [I]hold, the assumption that
p — 1/p(p) is surjective with range R™ is equivalent to assuming that expected revenue

in the presence of a finite non-negative marginal cost ¢, (p — ¢)F(p), is maximized at

some finite price p*. This too appears to be reasonable. Our assumptions are standard
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to the revenue management literature (see [Tallurt and van Ryzin (2004) pp. 315-318)
and permit us to use first order optimality conditions to characterize solutions to various

optimization problems that will arise in our discussion.

Let ¢, denote the time of the kth purchase and n; = |{¢;, : tx < t}| denote the number
of purchases made by customers arriving at or before time ¢t. The vendor’s expected

revenue, discounted at a rate of o > 0, is given by

E [/ eatptdntl .
t=0

Let 79 = inf{¢t : x; = 0} be the time at which the final unit of inventory is sold. For

t < 719, n, follows a Poisson process with intensity AF'(p;). Consequently, one may show

that . .
E [/ eatptdnt} =F {/ eatpt)\F(pt)dt] )
t=0 t=0

We now describe the vendor’s optimization problem. Because of differences in these
two contexts, we first consider the case where the vendor knows )\ and later allow for
arrival rate uncertainty. In the case with known arrival rate, we consider pricing policies
7 that are measurable real-valued functions of the inventory level. The price is irrelevant
when there is no inventory, and as a convention, we will require that 7(0) = co. We
denote the set of policies by II,,. A vendor who employs pricing policy 7 € II, sets price

according to p; = m(x;), where x; = xo — n, and receives expected discounted revenue

TO _
Ji(z) = Eyx [/ e " NF(p,)dt|
¢

=0

where the subscripts of the expectation indicate that o = = and p; = 7(z;). The optimal
discounted revenue is given by Jy(z) = sup,.p, J{(z), and a policy 7 is said to be

optimal if J§ = JY.

Suppose now that the arrival rate A is not known, but rather, the vendor starts with a
prior on A that is a finite mixture of Gamma distributions. A kth order mixture of this

type is parameterized by vectors ag, by € R* and a vector of k weights wy € R’i that
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sum to unity. Such a prior is given by:

“O & )\a0,k—1 —Abo k

[\ € d\ = wy, 2~ dA,

Z k T (o)
where I" denotes the Gamma-function: I'(x f oS ~le~*ds. The expectation and
variance are E[\] = Y, wyaox/box ~ fio and Var[A] = 37, wiaok(aos + 1) /05 5, — 6.

Any prior on A with a continuous, bounded density can be approximated to an arbitrary
accuracy within such a family (see |Dalal and Hall (1983)). Moreover, as we describe
below, posteriors on A continue to remain within this family rendering such a model
parsimonious as well as relatively tractable.

The vendor revises his beliefs about \ as sales are observed. In particular, at time ¢,
the vendor obtains a posterior that is a kth order mixture of Gamma distributions with

parameters

t
arr = aor +ne and by = by + / F(p,)dr.
=0

and weights
Pr(ng|ph, wor = 1)
Pr(ng|pp)

Note that the vendor does not observe all customer arrivals but only those that result in

Wy, = Wo,k

)

sales. Further, lowering price results in more frequent sales and therefore more accurate
estimation of the demand rate.

We consider pricing policies 7 that are measurable real-valued functions of the in-
ventory level and arrival rate distribution parameters. As a convention we require that
7(0,a,b,w) = oo for all arrival rate distribution parameters a, b and w. We denote the
domain by S = N x R’j X ]R’fF X Ri and the set of policies by II. Let z; = (x4, ay, by, wy).
A vendor who employs pricing policy 7 € II sets price according to p; = 7(z;) and

receives expected discounted revenue

J°(z) = B.., [ / et AT (pr)dt
t

=0

where the subscripts of the expectation indicate that zy = z and p; = m(z;). Note that,

unlike the case with known arrival rate, A is a random variable in this expectation. The
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optimal discounted revenue is given by J*(z) = sup,c; J™(2), and a policy 7 is said to
be optimal if J* = J".

2.3 Optimal Pricing

An optimal pricing policy can be derived from the value function J*. The value function
in turn solves the HIB equation which we develop in this section. Unfortunately direct
solution of the HJB equation, either analytically or computationally, does not appear to
be a feasible task and one must resort to heuristic policies. With an end to deriving
such heuristic policies we characterize optimal solutions to problems with known and

unknown arrival rates and discuss some of their properties.

2.3.1 The Case of a Known Arrival Rate

We begin with the case of a known arrival rate. For each A > 0 and 7 € II,, define an

operator H by
(HTJ)(x) = AF(7(2))(7(x) + J(x — 1) — J(2)) — aJ ().

Recall that 7(0) = oo. In this case, we interpret F'(7(0))7(0) as a limit, and As-
sumption [I] (which ensures a finite, unique static revenue maximizing price) implies that

(HTJ)(0) = —aJ(0). Further, we define the dynamic programming operator

(HxJ)(x) = sup (H{J)(x).

WEH)\

It is easy to show that J3 is the unique solution to the HIB Equation /H,J = 0. The

first order optimality condition for prices yields an optimal policy of the form

m(x) = 1/p(m3(x)) + JX(x) = JX(x = 1),

for z > 0. By Assumption [1| and the fact that J{(x) > Ji(x — 1), the above equation

always has a solution on R .
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Now, the HIB Equation implies the recursion

aJj(x) =

sup,so AF(p)(p + Ji(x — 1) — Ji(z))  ifz >0
0 otherwise.

Assumption 1| guarantees that sup,- F(p)(p + ) is an increasing function of c on R .
This allows one to compute .J5 () given J;(z — 1) via bisection. This offers an efficient
algorithm that computes J*(0), J*(1), ..., J*(z) in z iterations. As a specific concrete
example, consider the case where reservation prices are exponentially distributed with

mean 7 > 0. We have the HJB equation:

Ji(2) Arexp(Ji(x —1) = Ji(z)—1) ifz>0
alJi(z) =
g 0 otherwise.

It follows that
Ji(z) =W ((e7"Ar/a) exp(Ji(z — 1)) (2.1)

for x > 0, where W (+) is the Lambert W-function (the inverse of ze”).

We note that a derivation of the optimal policy for the case of a known arrival rate

may also be found in Araman and Caldentey| (2005), among other sources.

2.3.2 The Case of an Unknown Arrival Rate

Let S;,5 = {(z,a,b,w) € S :a+z =a+ #b < bw > 0,1w = 1} denote
the set of states that might be visited starting at a state with xo = z,a¢9 = a,by = b.
Let J denote the set of functions J : & — ¥ such that sup, Sias |J(2)| < oo for
all z and b > 0 and that have bounded derivatives with respect to the third and fourth
arguments. We define 1i(2) to be the expectation for the prior on arrival rate in state z, so

that j1(2) = >, wray/by.

For each policy 7 € II, we define an operator

(H™J)(2) = F((2)) (n(2) (n(2) + J() = J(2)) + (DJ)(2)) — o] (2),
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where 2 € S; ;5,2 = (z,a,b,w) and 2’ = (z — 1,a + 1,b,w'). Here w’ is defined

according to w;, = (wgay)/(bkp(2)), and D is a differential operator given by:

d

(DJ)(z) = ) wy (n(=) — ar/by) diwa(Z) + d—ka(Z)-

We now define the dynamic programming operator:
(HJ)(z) = sup(H"J)(z).

We then have that the value function J* solves the HIB Equation in a sense stated
precisely by the following Theorem. The proof is somewhat technical and not central to
our exposition. It may be found in the appendix for the special case of a Gamma prior
and exponential reservation prices which will be the primary context for our performance

analysis in later sections.
Theorem 1. The value function J* is the unique solution in J to HJ = (.

The next Theorem, again proved in the appendix for Gamma priors and exponential
reservation prices, offers a necessary and sufficient condition for optimality based on the
HIJB Equation.

Theorem 2. A policy m € 11 is optimal if and only if H™ J* = Q.

Under Assumption[I] we have that for each state z with z > 0 and (z) > 0, there is
a unique price, 7*(z), that satisfies the first-order necessary condition for optimality, and

it is given by the unique solution to

1 1
p=——+J(2) = J() — ——(DJ)(2), (2.2)
p(p) 1(z)
where z = (z,a,b,w) and 2’ = (z — 1,a + 1,b,w’), w’ being defined according to

wy, = (wiar)/ (bep(z))
Unfortunately there is no known analytical solution to the HIB Equation when the
arrival rate is unknown, even for special cases such as a Gamma or two-point prior with

exponential reservation prices. Further, grid-based numerical solution methods require



2.4. ESTIMATE, THEN OPTIMIZE 25

discommoding computational resources and generate strategies that are difficult to inter-

pret. As such, simple effective heuristics are desirable.

2.4 Estimate, Then Optimize

Aviv and Pazgal| (2005) studied a certainty equivalent heuristic which at each point in
time computes the conditional expectation of the arrival rate, conditioned on observed
sales data, and prices as though the arrival rate is equal to this expectation. This is
effectively “estimate, then optimize* for our problem. In our context, the price function

for such a heuristic uniquely solves

1

Pme(d)) Juo) (@) = Ty (2 = 1),

Tee(2) =

for z > 0. The existence of a unique solution to this equation is guaranteed by As-
sumption [I] As derived in the preceding section, this is an optimal policy for the case
where the arrival rate is known and equal to (z), which is the expectation of the arrival
rate given a prior distribution with parameters a, b and w. The certainty equivalent pol-
icy is computationally attractive since J; is easily computed numerically (and in some
cases, even analytically) as discussed in the previous section. As one would expect,
prices generated by this heuristic increase as the inventory = decreases. However, ar-
rival rate uncertainty bears no influence on price — the price only depends on the arrival
rate distribution through its expectation p(z). Hence, this pricing policy is unlikely to

appropriately address information acquisition.

2.5 The Greedy Heuristic

We now present another heuristic which was recently proposed by Araman and Caldentey
(2005) and does account for arrival rate uncertainty. To do so, we first introduce the
notion of a greedy policy. A policy 7 is said to be greedy with respect to a function J if

H™J = HJ. The first-order necessary condition for optimality and Assumption |l{imply
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that the greedy price is given by the solution to

n
70 = (s + 96 = I — (DDA
for z = (z,a,b,w) withxz > 0and 2’ = (x — 1,a + 1,b,w’) with w}, = (wray)/(bgp).
Perhaps the simplest approximation one might consider to J*(z) is J; ) (), the value
for a problem with known arrival rate 1(z). One troubling aspect of this approximation
is that it ignores the variance (as also higher moments) of the arrival rate. The alterna-
tive approximation proposed by Araman and Caldentey takes variance into account. In
particular their heuristic employs a greedy policy with respect to the approximate value

function J which takes the form

J(2) = ElJx(2)],

where the expectation is taken over the random variable A\, which is drawn from a Gamma
mixture with parameters a, b and w. J (z) can be thought of as the expected optimal value
if \ is to be observed at the next time instant.

Since it can only help to know the value of A, J5(z) > E[J*(z)|\]. Taking expec-
tations of both sides of this inequality, we see that J is an upper bound on J*. The
approximation J;; ) (z) is a looser upper bound on J*(z). This follows from concavity
of J§ in A, which is established in the proof of the following Lemma whose proof may

be found in the appendix:

Lemma 1. Forall 2 € S,a > 0

Fp)p'p(z)

JH(2) < J(2) < T () <
where p* is the static revenue maximizing price.

The greedy price in state z is thus the solution to

1 . s L i)
wga:(a———+J@—J@> (DﬂU),

Tep(2))
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for z = (z,a,b,w) withz > 0and 2’ = (x —1,a+1,b,w') with w}, = (wrag)/(brp(z)).

We have observed through computational experiments (see Section 6) that when
reservation prices are exponentially distributed and the vendor begins with a Gamma
prior with scalar parameters a and b, greedy prices can increase or decrease with the

inventory level x, keeping a and b fixed. This is clearly not optimal behavior.

2.6 Decay Balancing

In this section, we describe decay balancing, a new heuristic which will be the primary
subject of the remainder of this chapter. To motivate the heuristic, we start by deriving
an alternative characterization of the optimal pricing policy. The HIB Equation yields
max F(p) (u(=) (p + J*(2') = J*(2)) + (DT)(2)) = aJ*(2),

forall z = (z,a,b,w) and 2’ = (z—1,a+1,b,w’), withz > 0and w), = (wrax)/(brp(z)).
This equation can be viewed as a balance condition. The right hand side represents the
rate at which value decays over time; if the price were set to infinity so that no sales could
take place for a time increment dt but an optimal policy is used thereafter, the current
value would become J*(x) — aJ*(x)dt. The left hand side represents the rate at which

value is generated from both sales and learning. The equation requires these two rates to

balance so that the net value is conserved.

Note that the first order optimality condition implies that if J(2)—J (z)+$ (DJ)(2) <
0 (which must necessarily hold for J = J*),

S n(2) = ma F(p) (=) (0 J(2) = J(2) + (DI)(2)),

if p* attains the maximum in the right hand side. Interestingly, the maximum depends
on J only through p*. Hence, the balance equation can alternatively be written in the

following simpler form: o
F(r(2))
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which implicitly characterizes 7*.

This alternative characterization of 7* makes obvious two properties of optimal prices.
Note that F'(p)/p(p) is decreasing in p. Consequently, holding a, b and w fixed, as x de-
creases, J*(z) decreases and therefore 77(2) increases. Further, since J*(z) < J; ) (2),
we see that for a fixed inventory level x and expected arrival rate 1(z), the optimal price
in the presence of uncertainty is higher than in the case where the arrival rate is known
exactly.

Like greedy pricing, the decay balancing heuristic relies on an approximate value
function. We will use the same approximation J. But instead of following a greedy
policy with respect to J, the decay balancing approach chooses a policy mqy, that satisfies

the balance condition:

Franle) ) = a (),

p(Tan(z))
with the decay rate approximated using .J (z). The following Lemma guarantees that
the above balance equation always has a unique solution so that our heuristic is well
defined. The proof is omitted; it is a straightforward consequence of Assumption [I]and
the fact that 22" w(z) > J(z) > J*(z) = F(r () p(z) where p* is the static revenue

ap(p*) ap(m*(z))
maximizing price.

Lemma 2. Forall z € S, there is a unique p > 0 such that %u(z) = aJ(2).

Unlike certainty equivalent and greedy pricing, uncertainty in the arrival rate and
changes in inventory level have the correct directional impact on decay balancing prices.
Holding a, b and w fixed, as z decreases, .J (z) decreases and therefore mq;,(2) increases.
Holding z and the expected arrival rate u(z) fixed, J(z) < J (» (@), so that the decay
balance price with uncertainty in arrival rate is higher than when the arrival rate is known
with certainty.

It is frequently possible to express the decay balance price at a state z explicitly,
as a function of .J (z). Table 1 lists formulas for the decay balance price for several
reservation price distributions. This list includes iso-elastic distributions (of the form
F(p) = cp™”) which are frequently used to model reservation prices, but do not sat-
i1sfy Assumption |I| since they are improper. One may address this technical difficulty

by restricting attention to prices in (e, 00], so that F'(p) = ¢”’p~7). Such distributions
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Table 2.1: Decay Balance Price Formulas

Distribution F(p) Tap(2) Remarks
Exponential | exp(—p/r) rlog (;’}8) r>0
: exp(—p/r) 2ru(2)
LOglt 2m r log <aj(z) > r>0
1
Iso-Elastic e'p max ((5;?;) " ,e) v>2,p>e€

do not satisfy Assumption |1| either since they have no support on [0, ¢). Nonetheless,
for v > 2, it is possible to derive a decay balance equation (which takes the form
v el (man(2)) 77 u(2) = min (aj(z), ,u(z)y‘le>) and extend our analysis to such dis-
tributions without difficulty.

2.7 Bounds on Performance Loss

For the decay balancing price to be a good approximation to the optimal price at a par-
ticular state, one requires only a good approximation to the value function at that state
(and not its derivatives). This section characterizes the quality of our approximation to
J* and uses such a characterization to ultimately bound the performance loss incurred
by decay balancing relative to optimal pricing. Our analysis will focus primarily on the
case of a Gamma prior and exponential reservation prices (although we will also provide
performance guarantees for other types of reservation price distributions). We will show
that in this case, decay balancing captures at least 33.3% of the expected revenue earned
by the optimal algorithm for all choices of xy > 1,a9 > 0,bp > 0, > 0 and r > 0
when reservation prices are exponentially distributed with mean r > 0. Such a bound

is an indicator of robustness across all parameter regimes. Decay balancing is the first
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heuristic for problems of this type for which a uniform performance guarantee is avail-
able. Further, by allowing for a dependence on the number of sales we can guarantee
that after four sales decay balancing achieves a level of performance that is within 80%
of optimal thereafter.

Before we launch into the proof of our performance bound, we present an overview
of the analysis. Since our analysis will focus on a gamma prior we will suppress the state
variable w in our notation, and a and b will be understood to be scalars. Without loss of

L. in particular, the value

generality, we will restrict attention to problems with o = e~
function exhibits the following invariance where the notation J** makes the dependence

on « explicit (see the appendix for a proof):
Lemma 3. Forall z € S, > 0, J**(2) = J*!(z,a, ab).

As a natural first step, we attempt to find upper and lower bounds on 7q,(2)/7*(2),
the ratio of the decay balancing price in a particular state to the optimal price in that state.
We are able to show that 1 > J*(z)/J(z) > 1/r(a) where k() is a certain decreasing
function. Under an additional assumption on reservation prices, this suffices to establish

that:
1 Tdb (Z)

rla) = m(2)

By considering a certain system under which revenue is higher than the optimal revenue,

<1

we then use the bound above and a dynamic programming argument to show that:

1 Jmab (z)
@) S T

where J7™(z) denotes the expected revenue earned by the decay balancing heuristic
starting in state z. If z is a state reached after ¢ sales then a = ag + ¢ > 1, so that the
above bound guarantees that the decay balancing heuristic will demonstrate performance
that is within a factor of () of optimal moving forward after i sales.

Our general performance bound can be strengthened to a uniform bound in the special
case of exponential reservation prices. In particular, a coupling argument that uses a
refinement of the general bound above along with an analysis of the maximal loss in

revenue up to the first sale for exponential reservation prices, establishes the uniform



2.7. BOUNDS ON PERFORMANCE LOSS 31

bound
JTdb (Z)

J*(2)

< <1

1
3

We begin our proof with a simple dynamic programming result that we will have
several opportunities to use. The proof is essentially a consequence of Dynkin’s formula

and may be found in the appendix:

Lemmad4. Let J € J satisfy J(0,a,b) = 0. Let 7 = inf{t : J(z;) = 0}. Let z € S; ;5
Then,

E { /0 ' e‘o‘tH’rJ(zt)dt} = J™(2) — J(z0)

Let J : N — R be bounded and satisfy J(0) = 0. Let 7 = inf{t : J(z;) = 0}. Let
zo € N. Then,

E { /0 ' e‘atH;TJ(xt)dt] = J7 (o) — J (o)

2.7.1 Decay Balancing Versus Optimal Prices

As discussed in the preceding outline, we will establish a lower bound on J*(z)/ J (2) in
order to establish a lower bound on 74y, (2)/7*(2). Let J"(z) be the expected revenue
garnered by a pricing scheme that does not learn, upon starting in state z. Delaying a
precise description of this scheme for just a moment, we will have J"(2) < J*(z) <
J(z) < Jo (). It follows that J”l(z)/J;/b(x) < J*(2)/J(2), so that a lower bound
on J"l(z)/J;/b(x) is also a lower bound on .J*(z)/.J(z). We will focus on developing a
lower bound on J™(2)/.J7 ,(x).

Upon starting in state z, the “no-learning” scheme assumes that A\ = a/b = p and
does not update this estimate over time. Assuming we begin with a prior of mean p, such
a scheme would use a pricing policy given implicitly by:

' (2) = 7% (x) = L/p(m,(z)) + J(x) — I (z —1). (2.3)

o

Some simplification yields

nl

HY Ji(z) = (M p—1ad;(x).
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The following two results are then essentially immediate consequences of Lemma [}
Lemma 5. If \ < p1, J7" (z) > \/pJ(x) for all x € N.
Lemma 6. If \ > p1, JT' (z) > Ji(x) for all v € N,

Armed with these two results we can establish a lower bound on J"(z)/.J* ()

Theorem 3. Forall z € S,

Jnl(z) Fla+1)—T(a+1,a) 4+ al'(a,a) —1/x(a
(@) 2 ) S

Proof: Proof: We have

I ) = By [ @)]

> E) [1)\</M\/HJ;($) + 1)\2/#]:(17)]

~Tla+1)-T(a+1,a) +al(a,a) .
N al’(a) Ju(@)

where the inequality follows from the two preceding Lemmas. I'(-, ) is the incomplete
Gamma function and is given by I'(z,y) = f s¥te~5ds. O

The decay balance equation allows one to use the above bound on the quality of our
approximation J to compute bounds on the decay balance price relative to the optimal
price at a given state. Within the class of reservation price distributions specified by
the Assumption [T]and the following assumption, this bound depends merely on the state

variable a:
Assumption 2.

1.(

i )) is a differentiable, convex function of p with support R,

2p)

2. There exists a unique static revenue maximizing price p* > 0 with % i F( i,

1/F(p*)p**

While Assumption [2]is not a typical assumption within the revenue management lit-

erature, it is easily verified that it includes several interesting distributions with support
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Table 2.2: Decay Balance vs. Optlmal Prices

Distribution F(p) 7 (2)/7*(2) >
- T
Exponential | exp(—p/r) THiog ()
LOgit exp(—p/r) 1.27
1+exp(—p/r) 1.27+log k(a)
%
Iso-Elastic 'p~7 (ﬁ) W_

on R, including the exponential and the Logit. It does not include constant elasticity
distributions, but the bound in Corollary 1| can nevertheless be verified directly for such
distributions. For reservation price distributions satisfying Assumptions 1| and [2| the fol-

lowing is a simple corollary to Theorem [3|and is proved in the appendix.

Corollary 1. Forall = € S, and reservation price distributions satisfying Assumptions|]|
and

L man(2)
k(a) = m(z) —
The lower bound in Corollary 1| can often be strengthened for specific reservation
price distributions (via a finer analysis of their respective decay balance equations). Table

2 lists the bounds that can be derived for exponential, Logit and iso-elastic distributions.

2.7.2 An Upper Bound on Performance Loss

We now proceed with proving a general performance bound for reservation price distri-

butions satisfying Assumptions |I{and [2|. In particular, we will establish a lower bound

on J™®(z)/J*(z) that will depend on the coefficient of variation of the prior on A, 1/1/a.
Let

Rdb E e Tt Tdb Zt )

k: tk<‘l'

be the revenue under the decay balancing policy for a particular sample path of the sales
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process, starting in state z and define

R™(2) = Z e_e_lt’“ﬂ*(zt;).
kit <t
This describes a system whose state evolution is identical to that under the decay balanc-
ing policy but whose revenues on a sale correspond to those that would be earned if the
price set prior to the sale was that of the optimal pricing algorithm.

Of course, J™®(2) = E_[R%®(z)]. Define J"(2) = E,[R"(z)], where the expecta-
tion is over {¢; } and assumes that an arriving consumer at time ¢;, makes a purchase with
probability F'(map(z;,)). That is, the expectation is understood to be according to the
dynamics of the system controlled by 74;,. The following result should be intuitive given
our construction of the upper-bounding system and the fact that since mq,(2) < 7*(2),
the probability that a customer arriving in state z chooses to purchase is higher in the
system controlled by the decay balancing policy. The proof uses the monotonicity of the

dynamic programming operator and may be found in the appendix.

Lemma 7. For all z € S, and reservation price distributions satisfying Assumptions 1
and 2,
TP(2) 2 J*(2)

Now observe that since «(a) is decreasing in a, we have from Corollary [1] that

1 R (2)

w(@) = R(z) =

Taking expectations, and employing Lemma(7} we then immediately have:

Theorem 4. For all z € S, and reservation price distributions satisfying Assumptions 1

and 2,
Tdb
L _J™E)
k(a) = JH(z) T

We note that upon using the reservation price distribution specific bounds on 7 (z) /7*(2)

in Table 2 as opposed to the general bound in Corollary [I} one recovers correspondingly

sharper, reservation price distribution specific bounds on J;d?z(; ). See Figure for an

illustration of these bounds.
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% 0.6f /-, — General 1
[S) & - - - Exponential
5 “ Logit

o 0,4—' Iso-Elastic (y = 3)

D

Figure 2.1: Lower bound on Decay Balancing performance

It is worth pausing to reflect on the bound we have just established. Our performance
bound does not depend on z, b, o or the parameters of the reservation price distribution.
It is valid for a number of reservation price distributions including the exponential, Logit,
and iso-elastic (or power law) distributions. There are several ways to interpret the bound.
For one, since the coefficient of variation of a Gamma prior with parameters a and b
is given by 1/+/a, the bound illustrates how decay balancing performance approaches
optimal performance as the coefficient of variation of the initial prior is decreased. For
example, for coefficients of variation smaller than 0.5, decay balancing is guaranteed to
capture at least 80% of the optimal performance. The fact that after after i sales, we must
be in a state with a > 1, yields a second interpretation: after merely four sales, we are
guaranteed performance that is within 80% of optimal from that point onwards. Next, we
further specialize our attention to exponential reservation price distributions and present

a uniform performance guarantee for that case.

2.7.3 A Uniform Performance Bound for Exponential Reservation

Prices

We now consider the case of exponentially distributed prices. In particular, we have

F(p) = exp(—p/r) where 7 > 0. In light of the following Lemma (where the notation
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J*" makes the dependence of the value function on r explicit), we can assume without

loss that the mean reservation price, 7, is 1; see the appendix for a proof.
Lemma 8. Forall z € S,r > 0, J*"(2) = rJ*(2).

Using the stronger bounds on 7"(2)/7*(2) for exponential reservation prices from

Table 2, it is easy to see that the result of Theorem E] can be strengthened further to:
Theorem 5. Assume F(p) = exp(—p). Then, forall z € S,

1 Jmab(z)
< <1
1+logk(a) = J*(2) —

Our proof of a uniform performance bound will use Theorem[5]along with a coupling
argument to bound performance loss up to the time of the first sale.

Begin by considering the following coupling (A superscript “db” on a variable in-
dicates that the variable is relevant to a system controlled by the w4, policy): For an
arbitrary policy 7(+) € II, the sales processes nd® and nT are coupled in the following
sense: Denote by {¢;} the points of the Poisson process corresponding to customer ar-
rivals (not sales) to both systems. Assume by~ < Ty Then a jump in n™ at time
can occur if and only if a jump occurs in n?® at time #. Further, conditioned on a jump
in nd® at ¢, the jump in n™ occurs with probability exp(—(wt; - ﬂdbt;)). The situation
is reversed if 7qp, - > 7,-. Let 7 denote the time of the first sale for the mqy, system i.e.
7 = inf{t : nd® = 1}. In the context of this coupling consider the optimal (i.e. 7*) and

man controlled systems. We then have:

Lemma?9. Forall z € S,

J*(z|7) <
e T (e ) [t 4 P — La 4+ 1,68)] 4 (1— e ) P (2 a 4 1, b))

where ™ = 7*(x, a,b*) and Tq, = 7ap(z, a, bP).

The result above is essentially a consequence of the fact that it is never the case

that the 7 controlled system sells it’s first item before the 74, system, and moreover,
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that conditioning on 7, and the information available in both systems up to 7~ yields a

bdP. A formal proof may be

posterior with shape parameter a + 1 and scale parameter
found in the appendix.
We will also find the following technical Lemma, whose proof is in the appendix,

useful:
Lemma 10. Forz > 1,a > 1,b > 0, J*(z,a,b) < 2.05J*(x — 1, a,b).

The result above is intuitive; it would follow, for example, from decreasing returns
to an additional unit of inventory. It is unfortunate that we aren’t able to show such
a “decreasing returns” property directly. In particular, should such a property hold for
general reservation price distributions, the uniform bound we establish in the following
theorem could be extended to reservation price distributions satisfying Assumptions [I]
and [2f as also Iso-elastic reservation price distributions. We are now poised to prove a

uniform (over x > 1) performance bound for our pricing scheme:
Theorem 6. Forall z € S with x > 1,

JTdb (Z)
J*(2)

>1/3.

Proof: Proof: In Lemmal9 we showed:

T*(2) <
B [efe—lr (ef(ﬂ*fﬂdb) [7‘(* + J*(Jj‘ “l,a+ ngbﬂ + (1 _ e*(ﬂ*fﬂdb)){]’*('x,a + ngb))}

Now,

(e—w—w) (7 + (= La+ 1,0™)] + (1 — e =) 1% (2, 0 + 1, b))
e 17 (e T Tdp) o + J*(g; a+1 bdb))
T (e Tt 12,05 T (2 — 1,0 + 1,08))

T

| /\

IN

e T (wap + 2.05(1 + log k(a + 1)) J™® (z — 1,a + 1,0%))
<e ¢ '72.05(1 + log k(a + 1)) (map + J™(z — 1,a + 1,0))

where the first inequality is because J* is non-decreasing in . The second inequality
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follows from Lemma The third inequality follows from the fact that 7* > 74, > 1 so
that 7*¢™™ < mgpe” ™ and from Theorem@ Finally, taking expectations of both sides

we get:

Jﬁdb(z)
J*<Z> o 2.05(1 + log H(l)) > 1/3.

2.8 Computational Study

4.5

—— Decay Balancing Price
[| - - — Clairvoyant Price

0 1000 2000 3000 4000 5000
Time

Figure 2.2: Decay Balancing price trajectories vs. Clairvoyant price trajectories

This section will present computational results that highlight the performance of the
decay balancing heuristic. We consider exponentially distributed reservation prices and

I and

gamma priors. Further, we will only consider problem instances where @ = e~
r = 1; in light of the invariances discussed in Lemmas [3|and [§] this is not restrictive.
Consider a “clairvoyant” algorithm that has access to the realization of A at ¢ = 0
and subsequently uses the pricing policy 7y. The expected revenue garnered by such a
pricing policy upon starting in state z is simply E[.J;(z)] = J(z) which, by Lemma
is an upper bound on J*(z). Our first experiment measures the average revenue earned
using decay balancing with that earned using such a clairvoyant algorithm. The results

are summarized in Table 1; A here is drawn from a distribution with shape parameter
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Figure 2.3: Performance gain over the Certainty Equivalent and Greedy Pricing heuristics
at various inventory levels

a = 0.04 and scale parameter b = 0.001 which corresponds to a mean of 40 and a
coefficient of variation of 5. These parameter values are representative of a high level of
uncertainty in A. As is seen in Table 1, the performance of the decay balancing heuristic
is surprisingly close to that of the clairvoyant algorithm.

We next record price trajectories realized using decay balancing for several widely
different realizations of \. We compare these trajectories with the prices set by a clair-
voyant algorithm. In particular, for a given state trajectory realized under the use of the
decay balancing heuristic, 2!, we plot mq,(2;) along side 7} (z;). The decay balancing
heuristic begins with a prior with mean 50 and coefficient of variation 4.47. Figure [2.2]
plots decay balancing price trajectories for A = 10, 50, 200, and 400 along side the
optimal clairvoyant price for each trajectory. From lowest to highest, the curves corre-
spond respectively to A = 10, 50, 200, and 400. First, it is satisfying to note that the
decay balancing price tracks the clairvoyant price closely. Second, we note that each of
the price trajectories have relatively stable trends which is desirable from an operational

perspective. In contrast, price trajectories realized by a non-parametric pricing algorithm
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Table 2.3: Performance vs. a Clairvoyant algorithm

Inventory Level | xzg=1|29=2|29=5 | 20=10| 29 =20 | 29 =40

Performance E}airj —-13% | —10% | —6% —3.7% —2% —0.5%
ie. (Jme — J)/J

such as Besbes and Zeevi (2006) will vary substantially over periods corresponding to
price-experimentation since such an algorithm needs to experiment with essentially ev-
ery possible price. Finally, these trajectories are also an indicator of robustness to our
choice of prior; mq, when A = 400 (the topmost solid curve) tracks 7, (the topmost
dashed curve) in spite of starting with a prior mean that is smaller than the actual arrival

rate by an order of magnitude!

We finally turn to comparing the performance of decay balancing against that of
the certainty equivalent and greedy policies. We first compare gain in performance
over the certainty equivalent heuristic and the greedy policy for inventory levels be-
tween 1 and 10. We set a = 0.05 and b = 0.001 for all heuristics, corresponding to
a mean of 50 and a coefficient of variation of 4.47. Now E[A]/a can be interpreted as
the expected number of potential customers encountered over the sales season. Con-
sequently, E'[\]/a divided by the inventory level may be viewed as the “load factor”
here. Figure [2.3|indicates that we offer a substantial gain in performance over the cer-
tainty equivalent and greedy pricing heuristics at higher load factors (approximately 2
for these experiments) which is representative of a regime wherein judiciously managing
inventory levels is crucial. The greedy policy performs particularly poorly. In addi-
tion, as discussed earlier, that policy exhibits qualitative behavior that is clearly subopti-
mal: for a problem with mean reservation price 1 and discount factor e~!, we compute
Tep(1,0.1,0.1)(= 1.26) < mgp(4,0.1,0.1)(= 1.61) > my,(10,0.1,0.1)(= 1.25) so that,
all other factors remaining the same, prices may increase or decrease with an increase in
inventory level. Our gain in performance falls at lower load factors. This is not surpris-
ing; intuitively, the control problem at hand is simpler at low load factors since we are

essentially allowed to sacrifice a few units of inventory early on so as to learn quickly
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without incurring much of a penalty. We next present a lower bound on highest poten-
tial performance gain for various coefficients of variation of the initial prior on A. See
Figure [2.4] wherein the data point for each coefficient of variation ¢, corresponds to an
experiment with @ = 1/¢?, b = 0.001 (which corresponds to a mean of 1000/c?), and
an inventory level of 1 and 2 for the certainty equivalent and greedy pricing heuristics
respectively. These experiments indicate that the potential gain from using decay bal-
ancing increases with increasing uncertainty in A, and that in fact the gain over certainty
equivalence can be as much as a factor of 1.3, and that over the greedy policy can be as
much as a factor of 3.

To summarize our computational experience, the performance of decay balancing is
surprisingly competitive with that of a clairvoyant algorithm even at high levels of un-
certainty, so that we suspect decay balancing is near optimal. In comparison with other
available heuristics (namely certainty equivalent and greedy) decay balancing offers sub-
stantial performance gains especially at high load factors. Finally, the performance gains
offered by decay balancing over these competing heuristics increase with increasing un-

certainty in customer arrival rate.

2.9 Discussion and Conclusions

The dynamic pricing model proposed by (Gallego and van Ryzin| (1994) is central to a
large body of the revenue management literature. This chapter considered an important
extension to that model. In particular, we considered incorporating uncertainty in the
customer arrival rate or “market response” which is without doubt important in many
industries that practice revenue management, but whose effects are nonetheless ignored
in “estimate, then optimize” style pricing schemes.

We proposed and analyzed a simple new heuristic for this problem: decay balancing.
Decay balancing is computationally efficient and leverages the solution to problems with
no uncertainty in market response. Our computational experiments (which focused on
gamma priors and exponentially distributed reservation prices) suggest that decay balanc-
ing achieves near-optimal performance even on problems with high levels of uncertainty

in market response. Pricing policies generated by decay balancing have the appealing
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structural property that, all other factors remaining the same, the price in the presence of
uncertainty in market response is higher than the corresponding price with no uncertainty
. This is reasonable from an operational perspective and is in fact a property possessed
by the optimal policy. Uncertainty in market response could qualitatively induce two
potential price movements: whereas on the one hand, the revenue manager may wish to
price lower than the no-uncertainty price in an effort to eliminate uncertainty as quickly
as possible, he may on the other hand want to hedge against the possibility that market
response is in fact stronger than expected by pricing higher than the no-unceratinty price
and protecting inventory for this eventuality. It is interesting to note that this second
hedging effect dominates irrespective of the level of uncertainty. Finally, our analysis
demonstrated a uniform performance guarantee for decay balancing when reservation

prices are exponentially distributed, which is an indicator of robustness.

Two heuristics proposed for problems of this nature prior to our work were the cer-
tainty equivalent heuristic (by |Aviv and Pazgal (2005))) and the greedy pricing heuristic
(by |Araman and Caldentey| (2005)). Our computational results suggest that decay bal-
ancing offers significant performance advantages over these heuristics. These advantages
are especially clear at high levels of uncertainty in market response which is arguably the
regime of greatest interest. Decay balancing relies only on a good approximation to the
value of an optimal policy at a given state. This is in contrast with greedy pricing that
requires not only a good approximation to value but further to derivatives of value with
respect to the scale parameter. At the same time, uncertainty in arrival rate and changes
in inventory levels bear the appropriate directional impact on decay balancing prices:
uncertainty in the arrival rate calls for higher prices than in corresponding situations with
no uncertainty, while a decrease in inventory calls for an increase in prices. In contrast,
uncertainty in the arrival rate has no impact on certainty equivalent prices while greedy

prices can increase or decrease with decreasing inventory.

Our computational study and performance analysis were focused on exponentially
distributed reservation prices and gamma priors, but we expect favorable performance
for other distributions as well. In particular, the analysis of Theorem 3 can be extended
to mixtures of Gamma priors yielding encouraging estimates on the quality of approxi-

mation provided by J. Since the decay balancing price at state z is likely to be a good
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approximation to the optimal price at z if J (z) is a good approximation to J*(z), this
suggests that decay balancing is likely to do a good job of approximating the optimal
price for general reservation price distributions and priors on arrival rate, which in turn
should lead to superior performance.

There is ample room for further work in the general area of pricing with uncertainty
in market response and other factors that impact demand. One direction is considering
more complex models. The next chapter makes a foray in this direction. In particu-
lar, that chapter will consider two interesting models closely related to the model we
focused on here, that allows for the modeling of joint learning from sales at multiple
locations and product “versioning” respectively. There are other models one might hope
to consider. For example, the multi product model proposed by |Gallego and van Ryzin
(1997). Another potential direction is exploring new approximations to the value func-
tion beyond the approximation considered here and applying such approximations with
either the greedy pricing or decay balancing heuristics. Finally, it would be interesting to
extend the approaches in this chapter to problems with uncertainty in other factors that

impact demand such as price elasticity.
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Figure 2.4: Maximal performance gain over the Certainty Equivalent Heuristic (left) and
Greedy Heuristic (right) for various coefficients of variation



Chapter 3
Decay Balancing Extensions

The previous chapter developed a “decay balancing” heuristic in the context of a simple
one product dynamic pricing problem. This chapter explores generalizing that heuris-
tic to two closely related problems of dynamic pricing with demand uncertainty. In
particular, we consider a problem of dynamic pricing across multiple stores with un-
interchangeable inventories, where stores attempt to learn from each others’ purchase
data. We also consider a problem of dynamic pricing with product “versioning”: a single
product may be sold in multiple versions. Customers arrive at an uncertain rate and must
choose from among these versions according to a pre-specified demand model. The rev-
enue manager would like to set prices for all of the product versions over time so as to

maximize expected discounted revenues.

3.1 Multiple Stores and Consumer Segments

We consider in this section a model with multiple stores and consumer segments. We do
not attempt to extend our performance analysis to this more general model but instead
present numerical experiments, the goal being to show that decay balancing demonstrates
the same qualitative behavior as in the one store, one customer segment case we have
studied to this point.

More formally, we consider a model with N stores and M consumer segments. Each

store is endowed with an initial inventory ¢ ; fori € {1,..., N}. Customers from class
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j, for j € {1,..., M} arrive according to a Poisson process of rate \; where \; is a
Gamma distributed random variable with shape parameter a ; and scale parameter by ;.
An arriving segment j customer considers visiting a single store and will consider store
¢ with probability a;;. Consequently, each store 7 sees a Poisson stream of customers
having rate Z a;;Aj. We assume without loss of generality that > . a,;; = 1. We as-
sume that customers in each segment have exponential reservation price distributions
with mean r and moreover that upon a purchase the store has a mechanism in place to

identify what segment the purchasing customer belongs to.

Let p; € RY ¢ € [0,00) represent the process of prices charged at the stores over
time. Let n{z represent the total number of type j customers served at store ¢ up to time

t and let nﬁ => n‘gl The parameter vectors a and b are then updated according to:

t
Qrj = Goj + gy and  by; = bo; + / > e Prildr
=0 .
1

Our state at time ¢ is now z; = (4, a, by). As before, we will consider prices gener-
ated by policies 7 that are measurable, non-negative vector-valued functions of state, so
that p, = m(z;) > 0. Letting IT denote the set of all such policies, our objective will be
to identify a policy 7* € II that maximizes

3 / puae Pl dt

= Ez,ﬂ’

where 7* = inf{t : 3~ niz = w0} and p; = >, @i j(a;/b;). We define the operator
(H"J)(2) =
b;)
5 [ (e S st - 10
i J

+ Z eﬂz)i/’”d—bjj(z)] — aJ(z).
J

where ey, is the vector that is 1 in the kth coordinate and 0 in other coordinates. One may
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show that J* = J™" is the unique solution to

sup(H™J)(z) =0 Vz

mell

satisfying J *(0,a,b) = 0, and that the corresponding optimal policy for x; > 0 is given

. ci(ai /b)) - 1 d - 3.1

7~—|—J*(z)—ZWJ*(ZE—%G‘F%,@—TZ—J*(2)~ ©-1)
r pi pi = db;

Now, assuming that the A;’s are known perfectly a-priori, it is easy to see that the

control problem decomposes across stores. In particular, the optimal strategy simply

involves store ¢ using as it’s pricing policy

Pii = Wzi (xtz)

where p; = > ; @A Consequently, a certainty equivalent policy would use the pricing
policy

*

(mor(2))i = 7Tpi<‘ri)

We can also consider as an approximation to J*, the following upper bound (which is in

the spirit of the upper bound we derived in Section 3):

Z Jr (xi)] :

J(z)=E

The analogous greedy pricing policy gy, is then given by (3.1)) upon substituting J(-) for

J*(-) in that expression.

Motivated by the decay balancing policy derived for the single store case we consider

using the following pricing policy at each store:

(man(2))i = rlog (m) |
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Performance Gain over Clairvoyant Algorithm

% Gain

4

Store 2 Inventory 11 Store 1 Inventory

Figure 3.1: Performance relative to a clairvoyant algorithm

Such a heuristic involves joint learning across stores and continues to account for the
level of uncertainty in the pricing process. Further, the structural properties discussed in
the single store case are retained. The joint learning under this heuristic does not however

account for inventory levels across stores.

We now present computational results for the three heuristics. Our experiments will
use the following model parameters. We take N = 2, M = 2 and assume «;; = 1/2
for all ¢, 7, and further that we begin with prior parameters a; = as = 0.04, and
by = by = 0.001 (which corresponds to a mean of 40 and a coefficient of variation
of 5). As usual, @« = e~ !, 7 = 1. Our first set of results (Figure compares the de-
cay balancing heuristic’s performance against that of a clairvoyant algorithm which as
in Section [2.8] has perfect a-priori knowledge of A. Asinthe N = 1, M = 1 case, our
performance is quite close to that of the clairvoyant algorithm. Figure [3.2]compares de-
cay balancing performance to the certainty equivalent heuristic and the greedy heuristic.
Figure [3.2]is indicative of performance that is qualitatively similar to that observed for
the N = 1, M = 1 case; there is a significant gain over certainty equivalence at lower
inventory levels, but this gain shrinks as inventory level increases. The performance of
J(2)

the greedy heuristic is particularly dismal, one explanation for which is that > i %
J

is a potentially poor approximation to } ﬁﬁj *(2).
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3.2 Product Versioning

Firms often create and sell several “versions” of a given product as a means of third
degree price discrimination. For example an airline may sell several versions of a par-
ticular itinerary for air travel. While the various versions might require identical airline
network resources, they are distinguished from each other by their respective restrictions.
For example, while one version might allow for ticket cancellations at any point prior to
departure with no penalties, another version might charge penalties for such a cancel-
lation, and yet another version might forbid cancellation altogether. We would like to
consider an extension to the model in Chapter 2 that allows the vendor to sell several
versions of his product simultaneously. The question we would like to ask is how such a
vendor should adjust prices of each version over time so as to maximize total discounted

revenues when faced with uncertainty in net customer arrival rate.

Discrete choice models offer a typically tractable means of modeling demand when
a customer is faced with a choice from among several versions of a product, and in
particular are able to capture to a first order the substitution effects that having several
versions of a given product give rise to. More formally, assuming a set of N products
indexed by ¢ € {1,..., N}, where product ¢ is associated with differentiating features
and a price p;, we will treat a discrete choice model as a mapping P from prices p €
RY to purchase probability Pr(p) € [0,1]" satisfying >, Pr(p); < 1. P(p); is thus
the probability that an arriving customer would choose to purchase product version 1,
when the prices for the various versions on offer are set according to p. An example of
such a model is the multinomial Logit choice model which is specified by a set of 2V

parameters, & € RY and 3 € R”, and is given by:

e—aipi-i-ﬁj

Pl(p) = 1 T Z] efajpj+ﬁj

Models of customer choice such as the multinomial Logit above may seem somewhat
arbitrary at first glance; nonetheless many prevalent customer models have interesting
economic justifications. For example, the multinomial Logit models customer choice

when customers have independent random reservation prices (of the form u; + n; where
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7n; 1s a certain extreme valued random variable) for the various product versions, and
make choices that maximize their surplus. Ben-Akiva and Lerman| (1985) provides an
interesting discussion of various choice models that may be used in modeling situations

such as the product versioning example under consideration.

3.2.1 Problem Formulation

We consider the following extension to the model with uncertain arrival rates of Chapter
2. The vendor is endowed with a finite initial inventory xy, € Z, of a product and
chooses to sell N versions of the product. Customers arrive at a rate A where A is a
Gamma distributed random variable with parameters a and b. Upon arrival the customer
faces a choice among the N product versions priced according to p € RY. The customer
chooses at most one product version for purchase; version 7 is chosen with probability
P(p)i, and we denote by I(p) the random index of the chosen version. The vendor sets
a vector of prices p; € Rﬁ over time ¢ € [0, 00). Letting n; denote the total number of
sales up to time ¢, the vendor updates the parameters of his prior on arrival rate according

to
t
a; = ap + ng and by :b0+/ 0.dr
0

where 6. = > . P(p,);.

From a control standpoint, our state is now z; = (¢, as, b;), and as in Chapter 2 we
will consider prices generated by policies 7 that are measurable, non-negative, vector
valued functions of state, so that p, = 7(z;) > 0. Letting II denote the set of all such

policies, our objective will be to identify a policy 7* € II that maximizes

0
J"(2) = E.x {/ pt,f(pt)dnt}
0

= Ez,ﬂ'

70
Z P(pt)z'pt,Mdt]
U

where we use the fact that the sales process for product version ¢ is Poisson of instanta-

neous rate AP (p;);.
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3.2.2 Optimal pricing

For each policy 7 € II, we define an operator

, d
= ;u(z)P(ﬂ(z))l (7r(z)Z + J(Z) — J(2) + @%J(z)) —aJ(2)

where 2/ = (z — 1,a + 1,b). Assuming that there exists a solution J* € J to

sup(H™J)(z) =0Vz
well
it is straight forward to show that this solution is unique and that .J* = J™ . Further, the

optimal policy requires
T (2) € argmax, Zu(z)?’(ﬂ(z))i <7T(Z)i +J(2") = J(2) + Lij(@)

We note that in the absence of uncertainty in A, the corresponding HIB equation is in
fact reduced to a simple recursion via which computing J5 is a computationally tractable
task.

While the preceding formulation is natural, it has the disadvantage of requiring the
solution to a control problem with an /N-dimensional action space. An alternative, equiv-
alent view of the optimal control problem at hand with a one-dimensional action space is
the following: At each point in time, the vendor picks 6; € [0, ], the fraction of arriving
customers that will make a purchase of some version. Here 3 = MaxX, gy > P(p)i, the
maximal arrival rate that the seller can induce. One may then assume without loss that he
should set prices p; = p*(6;) € argmax, s~ p(,).—g, >_; P(p)ipi- We may consequently
view a policy 7 as a measurable mapping from state to the interval [0, 5] and we denote
by II the set of all such policies.

Define the expected revenue from a sale upon taking action # as R(¢) = ). 2 0P (0):

E 'P(p @) -
We make the following assumptions on the functions R(-) and - R(+):

Assumption 3. R(-) is a bounded, differentiable function and -R(-) is a strictly concave
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function on the interval [0, (3].

We next define for each policy 7, the operator:

(H™J)(2) = u(2)7(2) (R(ﬁ(z)) +J(2') = J(2) + —iJ(z)) —aJ(z).

Now, assuming that there exists a solution J* € J to

sup(H™J)(z) = 0¥z

Fell

it is straight forward to show that this solution is unique and that J* = J™ .

3.2.3 Decay Balancing

A solution J* to the HIB equation (for our second formulation) must satisfy:

1 d
sup pu(z)0 (R )+ J () — J'(2)+ ——=J (= ) =aJ*(z (3.2)
Sup, ( (6) )= J7(2) () db ) )
Now, if 6* attains the maximum in the equation above, and assuming that this maximum
is always attained in (0, 3), the first order optimality conditions are by Assumption

necessary and sufficient, and imply that

—(9*)2R/(9*) —

This is a decay balance equation for the dynamic pricing problem with product ver-
sioning. Now by Assumption [3] the optimal control problem at hand has a unique opti-
mizing policy in II (that is, the maximizing set for the left hand side of (3.2) is a single-
ton), so that the decay balance equation at state z has a unique solution é(z) on (0, 3)
with 6(z) = 6*(z). p*(6(z)) is then the optimal price vector in state z.

Of course, since we do not know J* we could consider using the same approximation

to J* as in the previous section, .J(z) = E[J}(z)]. The decay balance heuristic price in
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state z is then p*(0qp(2)) where 041, (z) solves

—(0an(2))* R (Bap(2)) =

If J(z) is a good approximation to .J*(z), p*(6ay(2)) is likely to be a good approximation
to p*(6*(z)) and one would expect similar levels of performance as in the one product

case studied in Chapter 2.

3.3 Discussion

Decay balancing type heuristics should typically be useful in deriving pricing policies
for problems with uncertainty in a single parameter and a one dimensional control. This
chapter attempted to generalize the heuristic to other situations. The product versioning
problem nominally requires an /NV-dimensional control, but our development took ad-
vantage of the fact that the optimal control problem may be reduced to one with a one
dimensional control. For the problem with multiple stores and consumer segments, our
use of the decay balancing heuristic was ad-hoc and motivated by the single store solu-
tion of Chapter 2, but nonetheless yielded promising computational results. There are
several other formulations for which we believe decay balancing might well yield useful
pricing heuristics including problems with uncertainty in demand elasticity (as opposed

to market response), or the finite time horizon version of the problem in Chapter 2.
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Performance Gain over Certainty Equivalent Heuristic
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Figure 3.2: Performance relative to the Certainty Equivalent (left) heuristic and Greedy

Pricing heuristic (right)



Chapter 4

Network-RM with Forecast Models

This chapter focuses on a problem of airline Network-RM. In contrast to the dynamic
pricing problems studied in Chapters 2 and 3, demand in the airline industry is far more
predictable and fairly well modeled. Most airlines have access to complex forecast mod-
els estimated on the basis of large quantities of relevant historical data. The “Estimate,
Then Optimize” heuristic in this context entails the use of optimization algorithms that in
the interest of tractability make simplifying assumptions of demand. In doing so, the rev-
enue manager is typically unable to harness all the predictive capabilities of the forecast

models available to him.

We develop in this chapter an approximation algorithm for a dynamic capacity allo-
cation problem with Markov modulated customer arrival rates (the typical simplifying
assumption made in solving such optimization problems is that demand is determinis-
tic and equal to expected forecasted demand). For each time period and each state of
the modulating process, the algorithm approximates the dynamic programming value
function using a concave function that is separable across resource inventory levels. We
establish via computational experiments that our algorithm increases expected revenue,
in some cases by close to 8%, relative to a deterministic linear program that is widely

used for bid-price control.
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4.1 Introduction

Network revenue management refers to the activity of a vendor who is endowed with
limited quantities of multiple resources and sells products, each composed of a bundle of
resources, controlling their availability and/or prices over time with an aim to maximize
revenue. The airline industry is perhaps the most notable source for such problems. An
airline typically operates flights on each leg of a network of cities and offers for sale
“fare products” composed of seats on one or more of these legs. Each fare product is
associated, among other things, with some fixed price which the airline receives upon its
sale. Since demand for fare products is stochastic and capacity on each leg limited, the
airline’s problem becomes one of deciding which of its fare products to offer for sale at
each point in time over a finite sales period so as to maximize expected revenues. This

chapter presents a new algorithm for this widely studied problem.

For most models of interest, the dynamic capacity allocation problem we have de-
scribed can be cast as a dynamic program, albeit one with a computationally intractable
state-space even for networks of moderate size. As such, revenue management tech-
niques have typically resorted to heuristic control strategies. Early heuristics for the
problem were based primarily on the solutions to a set of single resource problems solved
for each leg. Today’s state of the art techniques involve “bid-price” control. A generic
bid-price control scheme might work as follows: At each point in time the scheme gen-
erates a bid-price for a seat or unit of capacity on each leg of the network. A request for a
particular fare product at that point in time is then accepted if and only if the revenue gar-
nered from the sale is no smaller than the sum of the bid prices of the resources or seats
that constitute that fare product. There is a vast array of available algorithms that may be
used in the generation of bid-prices. There are two important dimensions along which
such an algorithm must be evaluated. One, of course, is revenues generated from the
strategy. Since bid-prices must be generated in real time, a second important dimension
is the efficiency of the procedure used to generate them. A simple approach to this prob-
lem which has found wide-spread acceptance involves the solution of a single linear pro-
gram referred to as the deterministic LP (DLP). This approach and associated bid-price

techniques have found widespread use in modern revenue management systems and are
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believed to have generated incremental revenues on the order of 1-2% greater than previ-
ously used “fare-class” level heuristics (see |P.P.Belobaba and Lee| (2000), P.P.Belobaba
(2001)).

The algorithm we present applies to models with Markov-modulated customer ar-
rival rates. This represents a substantial generalization of the deterministic arrival rate
arrival process models generally considered in the literature and accommodates a broad
class of demand forecasting models. We demonstrate via a sequence of computational
examples that our algorithm consistently produces higher revenues than a strategy using
bid-prices computed via re-solution of the DLP at each time step. While the performance
gain relative to the DLP is modest (~ 1%) for a model with time homogeneous arrivals,
this gain increases significantly when arrival rates vary stochastically. Even for a simple
arrival process in which the modulating process has three states, we report relative per-
formance gains of up to about 8% over a DLP approach suitably modified to account for

the stochasticity in arrival rates.

Our algorithm is based on a linear programming approach to approximate dynamic
programming (de Farias and Van Roy| (2003)), |de Farias and Van Roy| (2004)). A lin-
ear program is solved to produce for each modulating process state and each time an
approximation to the optimal value function that is separable across resource inventory
levels. A heuristic is then given by the greedy policy with respect to this approximate
value function. This policy can be interpreted in terms of bid-price control for which bid
prices are generated at each point in time via a table look-up, which takes far less time
than solving the DLP.

The ALP has as many constraints as the size of the state space and practical solution
requires a constraint sampling procedure. We exploit the structural properties afforded
by our specific approximation architecture to derive a significantly simpler alternative
(the rALP) for which the number of constraints grows linearly with maximal capacity
on each network leg. The rALP generates a feasible solution to the ALP. We show that
this solution is optimal for affine approximations. While we aren’t able to prove that
this solution is optimal for concave approximations, the rALP generates optimal ALP
solutions in all of our computational experiments with that architecture as well. The

rALP thus significantly enhances the scalability of our approach.
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The literature on both general dynamic capacity allocation heuristics, as well as bid-
price controls is vast and predominantly computational; Talluri and van Ryzin (2004)
provides an excellent review. Closest to this work is the paper by Adelman|(2005), which
also proposes an approximate DP approach to computing bid prices via an affine approx-
imation to the value function. The rALP we propose allows an exponential reduction in
the number of constraints for the ALP with affine approximation. However, in spite of
affine approximation being a computationally attractive approximation architecture, our
computational experiments suggest that affine approximations are not competitive with

an approach that uses bid-prices computed via re-solution of the DLP at each time step.

Our approach might be viewed as a means of generating bid-prices. There have been
a number of algorithms and heuristics proposed for this purpose. One class of schemes
is based on mathematical programming formulations of essentially static versions of the
problem that make the simplifying assumption that demand is deterministic and equal to
its mean. The DLP approach is representative of this class and apparently the method of
choice in practical applications (Talluri and van Ryzin| (2004))). We compare the perfor-
mance of our approach to such a scheme. Highly realistic simulations in P.P.Belobaba
(2001) suggest that this class of approaches generates incremental revenues of approxi-
mately 1-2% over earlier leg-based RM techniques. There are alternatives to the use of
bid price controls, the most prominent among them being “virtual nesting” schemes such
as the displacement adjusted (DAVN) scheme (see Talluri and van Ryzin| (2004)). We do
not consider our performance relative to such schemes; a subjective view (E. A. Boyd
(2005)) is that these schemes are consistently outperformed by bid-price based schemes

in practice.

An important thrust of our work is the incorporation of Markov-modulated customer
arrival processes. There is an emerging literature on optimization techniques for models
that incorporate demand processes where arrival rates are correlated in time. A recent
example is the paper by lde Miguel and Mishra (2006)), that evaluates various multi-stage
stochastic programming techniques for a linear (with additive noise) model of demand
evolution. These approaches rely on building “scenario-trees” based on simulations of

demand trajectories. While they can be applied to Markov-modulated arrival processes,
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scenario trees and their associated computational requirements typically grow exponen-
tially in the horizon.

The remainder of this chapter is organized as follows: In section 2, we formally
specify a model for the dynamic capacity allocation problem. In section 3 we review
the benchmark DLP heuristic. Section 4 presents an ADP approach to the dynamic
capacity allocation problem and specifies our approximation architecture. That section
also discusses some simple structural properties possessed by our approximation to the
value function. Section 5 presents a series of computational examples comparing the
performance of our algorithm with the DLP approach as also an approach based on an
affine approximation to the value function. Section 6 studies a simple scalable alternative
to the ALP, the rALP, and discusses computational experience with that program. Section

7 concludes.

4.2 Model

We consider an airline operating L flight legs. The airline may offer up to F' fare products
for sale at each point in time. Each fare product f is associated with a price p; and
requires seats on one or more legs. A matrix A € ZiXF encodes the capacity on each
leg consumed by each fare product: A; ; = k if and only if fare product f requires k
seats on leg /. For concreteness we will restrict attention to the situation wherein a given
fare product can consume at most 1 seat on any given leg although our discussion and
algorithms carry over without any change to the more general case. Initial capacity on
each leg is given by a vector =y € Z%. Time is discrete. We assume an N period horizon
with at most one customer arrival in a single period. A customer for fare product f arrives
in the nth period with probability Af(m,,). Here m,, € M (a finite set) and represents the
current demand “mode”. m,, evolves according to a discrete time Markov process on M
with transition kernel F,,. We note that the discrete time arrival process model we have
described may be viewed as a uniformization of an appropriately defined continuous time
arrival process. At the start of the nth period the airline must decide which subset of fare
products from the set {f : Ay < x,,} it will offer for sale; an arriving customer for fare

product f is assigned that fare product should it be available, the airline receives p, and
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Tpt1 = Ty — Ay

We define the state-space S = {x : © € Z%, 2 < xo} x {0,1,2,...,N} x M.
Encoding the fare products offered for sale at time n by a vector in {0,1}" = A, a
control policy is a mapping 7 : S — A satisfying An(s) < z(s) forall s € S. Let
IT represent the set of all such policies. Let R(s,a) be a random variable representing
revenue generated by the airline in state s € S when fare products a € A are offered for

sale, and define for s € S,

N—-1

J(s)=Eqx | > R(sw, m(sw))|sn) =5

n’'=n(s)

We let J*(s) = max,crr J™(s), denote the expected revenue under the optimal policy 7*
upon starting in state s.
J* and 7* can, in principle, be computed via Dynamic Programming. In particular,

define the dynamic programming operator 7" for s € {s" : n(s’) < N — 1} according to

= 3 Al max [y + B [ (S)] B[ (S]]
J:Ap<a(s)
4.1)
(1= 3 Amls) B
fiAp<a(s)

where S = (2(s) — Ap,n(s) + 1,my41) and S = (z(s),n(s) + 1, Mp(s)11)-
For s € {s' : n(s) = N — 1} we define (T'J)(s) = Zf:Afgx(s) Ar(m(s))pr. We
define (T'J)(s) = O forall s € {s' : n(s') = N}. J* may then be identified as the
unique solution to the fixed point equation 7'.J = J. 7* is then the policy that achieves
the maximum in @I); in particular, 7*(s); = 0 iff p; + E[J(S})] < E[J(5')] and
n(s) <N —1.

We will focus on three special cases of the above model, with NV assumed even for

notational convenience:

e (M1) Time homogeneous arrivals: Here we have | M| = 1. That is the arrival

rate of customers for the various fare products is constant over time and the arrival
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process is un-correlated in time.

e (M2) Multiple demand modes, deterministic transition time: Here we consider
a model with M = {med,hi,lo}. We have m,, = med for n < N/2. With
probability p, m,, = lo for all n > N/2 and with probability 1 — p and m,, = hi
for all n > N/2. This is representative of a situation where there is likely to be a
change in arrival rates at some known point during the sales season. The revenue

manager has a probabilistic model of what the new arrival rates are likely to be.

e (M3) Multiple demand modes, random transition time: Here we consider a model

with M = {med, hi,lo}, with the transition kernel P, defined according to

1—q qp q(1-p)
P,(mp1=ylm,=2)=1| 0 1 0
0 0 1

Yy

where ¢, p € (0,1). This arrival model is similar to the second with the exception
that instead of a change in demand modes occurring at precisely n = N/2, there
is now uncertainty in when this transition will occur. In particular, the transition

time is now a geometric random variable with expectation 1/q.

The above models were chosen since they are simple and yet serve to illustrate the rela-

tive merits of our approach for Markov-modulated demand processes.

4.3 Benchmark Heuristic: The Deterministic LP (DLP)

The Dynamic Programming problem we have formulated is computationally intractable
and so one must resort to various sub-optimal control strategies. We review the DLP-
heuristic for generating bid prices. This heuristic makes the simplifying assumption that
demand is deterministic and equal to its expectation. In doing so, the resulting control
problem reduces to the solution of a simple LP (the DLP) and the optimal control policy
is static. In particular, if demand for fare product f over a N —n period sales season, D, ¢,

were deterministic and equal to expected demand, E[D,, ¢|m,,], the maximal revenue that
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one may generate with an initial capacity z(s) is given by the optimal solution to the
DLP:

Denote by 7*(s) a vector of optimal shadow prices corresponding to the constraint
Az < z(s) in DLP(s). The bid price control policy based on the DLP solution is then
given by:

AL (5) = { L Apr(s) < py and Ap < (s)

0 otherwise

The above description of the DLP heuristic assumes that the shadow prices r* are
recomputed at each time step. While this many not always be the case, a general com-
putational observation according to [Talluri and van Ryzin (2004) is that frequent re-
computation of r* improves performance. This is consistent with our computational
experience.

In the case of model M2, one might correctly point out that a simple modification of
the DLP is likely to have superior performance. In particular, one may consider retaining
the probabilistic structure of the demand mode transition model and solving a multi-
stage stochastic program with recourse variables for capacity allocation in the event of
a transition to the hi and lo demand modes respectively. We do not consider such a
stochastic programming approach as it is intractable except for very simple models (such
as M2); for a general Markov-modulated demand model with at least two demand modes,

the number of recourse variables grows exponentially with horizon length.

4.4 Bid Price Heuristics via Approximate DP

Given a component-wise positive vector ¢, the optimal value function J* may be identi-

fied as the optimal solution to the following LP:
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min  J
s. t. (TJ)(s) < J(s) VseS
The linear programming approach to approximate DP entails adding to the above LP,
the further constraint that the value function J lie in the linear span of some set of basis
functions ¢; : S — R, i = 1,2, ..., k. Encoding these functions as a matrix ® € RIS/**,

the approximate LP (ALP) computes a vector of weights » € R¥ that optimally solve:

min dor
s. t. (TPr)(s) < (Pr)(s) VseS
Given a solution 7* to the ALP (assuming it is feasible), one then uses a policy that
is greedy with respect to ®r*. Of course, the success of this approach depends crucially
upon the choice of the set of basis functions ®. In the next two subsections we examine
affine and concave approximation architectures. The affine approximation architecture
for the network RM problem was proposed by |/Adelman| (2005) in the context of the M1
model. The concave architecture is the focus of this work. In the sequel we assume that

cs, = 1 and that all other components of c are 0.

4.4.1 Separable Affine Approximation

Adelman| (2005) considers the use of affine basis functions in the M1 model. In partic-
ular, |Adelman (2005) explores the use of the following set of (L + 1)V basis functions

defined according to

T ifl<Landn=n
Grp(z,n')=<¢ 1 ifl=L+1landn=n'

0 otherwise

The ALP here consequently has ©(LN) variables but ©(zX N F) constraints. Adel-
man (2005)) proposes the use of a column generation procedure to solve the ALP. We
show in Section 6 that the ALP can be reduced to an LP with ©(LN) variables and
O(z2XLNF) constraints making practical solution of the ALP to optimality possible
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for relatively large networks (including, for instance, the largest examples in |/Adelman
(2003)).

In spite of being a computationally attractive approximation architecture, affine ap-
proximations have an obvious weakness: the greedy policy with respect to an affine
approximation to the value function is insensitive to intermediate capacity levels so that
the set of fare products offered for sale at any intermediate point in time depends only
upon the time left until the sales season ends. In particular the greedy policy with respect
to an affine approximation, 72, will satisfy 72 (2, n) = 7*% (%, n) provided = and 7 are
positive in identical components. We observe in computational experiments that a pol-
icy that is greedy with respect to an affine approximation to the value function is in fact
not competitive with a policy based on re-computation of bid-prices at each time step
via the DLP. While one possible approach to consider is frequent re-solution of the ALP
with affine approximation, this is not a feasible option given that bid-prices must often
be generated in real time. It is simple to show (using, for example, the monotonicity of
the T operator) for any vector e € {0, 1}” that is positive in a single component, that
J*(x + e,n) — J*(x,n) is non-increasing in x. Affine approximations are incapable of
capturing this concavity of J* in inventory level. This motivates us to consider a separa-

ble concave approximation architecture which is the focus of this chapter.

4.4.2 Separable Concave Approximation

Consider the following set of basis functions, ¢; ,, ; ., defined for integers [ € [1, L];n €

[0, N],i € [0, (xq);], and m € M according to:

1 ifz;>i,n=n"andm=m'

0 otherwise

¢l,n,i,m(x,7 TL/, m,) = {

The ALP in this case will have ©(ZLN|M]|) variables and O(zL'NF|M]|) con-
straints. Note that optimal solution is intractable since |S| is exponentially large. One
remedy is the constraint sampling procedure in |de Farias and Van Roy| (2004) which
suggests sampling constraints from S according to the state-distribution induced by an

optimal policy. Assuming a sales season of NV periods and an initial inventory of zy, we
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propose using the following procedure with parameter K:

1. Simulate a bid price control policy starting at state s, = (xg, 0,my), using bid
prices generated by re-solving the DLP at each time step. Let X" be the set of states

visited over the course of several simulations. We generate a set with |X'| = K

2. Solve the following Relaxed LP (RLP):

min  (Pr)(so)
s. t. (TPr)(s) < (Pr)(s) forse X

Tinim Z Tlni+l,m Vi > 07 l? n,m

3. Given a solution 7* to the RLP, use the following control policy over the actual

sales season:

7 (s)y =

Ui D a1 M) asm(s) < Prand Ay < (s)
0 otherwise

Several comments on the above procedure are in order. Step 1 in the procedure
entails choosing a suitable number of samples K’;|de Farias and Van Roy|(2004)) provides
some guidance on this choice. Our choice of K was heuristic and is described in the
next section. Step 2 of the procedure entails solving the RLP whose constraints are
samples of the original ALP. We will shortly mention several simple structural properties
that an optimal solution to the ALP must posses. Adding these constraints to the RLP
strengthens the quality of our solution. Also, note that the inequality constraints on the
weights enforce concavity of the approximation. Finally note that the greedy policy with
respect to the our approximation to J* takes the form of a bid price policy as in the
case of affine approximation. However, unlike affine approximation the resulting policy

decisions depend on available capacity as well as time.

4.4.3 ALP Solution Properties

The optimal solution to the DLP provides an upper bound to the true value function J*,

i.e. DLP(s) > J*(s). There are several proofs of this fact for the time homogeneous



66 CHAPTER 4. NETWORK-RM WITH FORECAST MODELS

model M 1. For example, see/Gallego and van Ryzin (1997) or/Adelman (2005). The DLP
continues to be an upper bound to the true value function for the more general model we
study here (via a simple concavity argument and the use of Jensen’s inequality). We can
show that the ALP with separable concave approximation provides a tighter upper bound
than does the DLP for model M2, and generalizations to M2 which allow for more than
a single branching time. The same result for time homogeneous arrival rates (i.e. for
model M1) follows as a corollary. We are at present unable to establish such a result for

the general model.
Lemma 11. For model M2 with initial state s, J*(s) < ALP(s) < DLP(s)

The proof of the lemma can be found in the appendix. The above result is not en-
tirely conclusive. In particular, while it is indeed desirable to have a good approximation
to the true value function, a tighter approximation does not guarantee an improved policy.
Nonetheless, stronger approximations to the true value function imply stronger bounds
on policy performance. Finally, solutions to the ALP must satisfy simple structural prop-
erties. For example, in the case of model M1 it is clear that we must have Zf:o Tini >0
for all z,l,n < N and further > 7 7ri,,; < > i orin—1;foralll,z,0 <n < N. We

explicitly enforce these constraints in our computational experiments.

4.5 Computational Results

It is difficult to establish theoretical performance guarantees for our algorithm. Indeed,
we are unaware of any algorithm for the dynamic capacity allocation problem for which
non-asymptotic theoretical performance guarantees are available. As such, we will es-
tablish performance merits for our algorithm via a computational study. We will consider
two simple test networks each with a single “hub” and either three or four spoke cities.
This topology is representative of actual airline network topologies. Each leg in our net-
work represents two separate aircraft (one in each direction) making for a total of f = 15
itineraries on the 3 spoke network and f = 24 itineraries on the 4 spoke network. Arrival

rates for each itinerary, demand mode i.e. (f, m) pair were picked randomly from the
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Figure 4.1: Performance relative to the DLP for model M1

unit f-dimensional simplex and suitably normalized. Route prices were generated uni-
formly in the interval [50, 150] for single leg routes and [50, 250] for two leg routes. We
consider a random instantiation of arrival rates and probabilities for each network topol-
ogy and for each instantiation measure policy performance upon varying initial capacity
levels and sales horizon. We compare performance against the DLP with re-solution at
each time step. In the case of model M1, we also include policies generated via the sepa-
rable affine approximation architecture in our experiments. We solve RLPs with 50, 000
sampled states, this number being determined by memory constraints. We now describe

in detail our experiments and results for each of the three models.

4.5.1 Time homogeneous arrivals (M1)

We consider three and four spoke models. The arrival probabilities for each fare product
were drawn uniformly at random on the unit simplex and normalized so that the proba-
bility of no customer arrival in each period was 0.7. For both models, we consider fixed
capacities (of 5 and 10 for 3-spoke networks, 10 and 20 for four spoke networks) on each
network leg and vary the sales horizon N. For each value of N we record the average
load-factor (i.e. the average fraction of seats sold) under the DLP policy; we select values

of N so that this induced load factor is > 0.7. We plot in Figures 1 and 2 the performance
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Figure 4.2: Performance relative to the DLP for model M1

of the the ADP based approaches with affine and separable approximations relative to the
DLP heuristic for two different initial capacity levels. The z-intercept for a data point in
both plots is the average load factor induced by the DLP heuristic for the problem data
in question at that point.

The plots suggest a few broad trends. The affine approximation architecture is almost
uniformly dominated by the DLP heuristic when the DLP is re-solved at every time step,
while the separable architecture uniformly dominates both heuristics in every problem
instance. We note that since a bid price computation in the ADP approach is simply a
lookup it is far quicker than solving the DLP, so that together these facts support the
plausibility of using an ADP approach with separable approximation. Another trend is
performance gain. This is actually quite low at low induced load factors (< 0.5%) but
can be as high as 5% at high load factors. At moderate load factors (that are at least
nominally representative) the performance gain is on the order of 1%. We anticipate the
gain to be larger for more complex networks.

It is difficult to expect higher performance gains than we have observed for the M1
demand model. In particular, at low load factors, the problem is trivialized (since it is
optimal to accept all requests). Moreover, it is well known (see (Gallego and van Ryzin
(1997)) that in a certain fluid scaling (which involves scaling both initial capacity z, and

sales horizon N by some scaling factor N), the DLP heuristic is optimal as N gets large.
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Figure 4.3: Performance relative to the DLP for model M2

The purpose of our experiments with this model is to illustrate the fact that the separable

concave approximations we employ are robust in this simple demand setting.

4.5.2 Multiple demand modes (M2, M3)

Model M1 is potentially a poor representation of reality. This leads us to consider in-
corporating a demand forecasting model such as that in models M2 and M3. In our
experiments, the arrival probabilities for each demand mode were drawn uniformly at
random on the unit 24-dimensional simplex and normalized so that the probability of no
customer arrival in each period was 0.55 for the “med” demand mode, 0.7 for the “lo”
mode, and 0.1 in the “hi” mode. The probability of transitioning from the med to lo
demand mode, p, was set to 0.5 in both models, and we set my = med.The probability
of transitioning out of the med demand state, g, was set to 2/N in model M3. The sales
horizon N was varied so that the load-factor induced by the DLP policy was approxi-
mately between 0.8 and 0.9. We generate a random ensemble of 40 such problems for
a network with 4 spokes and consider initial capacity levels of 20 seats and 40 seats.
We measure the performance gain of our ADP with separable concave approximation
derived bid price control over the DLP. The DLP is resolved at every time step so that it

may recompute expected total remaining demand for each fare product conditioned on
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Figure 4.4: Performance relative to the DLP for model M2

the current demand mode.

For model M2, we plot in Figures 3 and 4 the performance of the the ADP based
approach with separable concave approximation relative to the DLP heuristic with initial
capacity levels of 20 and 40 respectively. We note that the relative performance gain here
is significant (up to about 8%) in a realistic operating regime. In the case of model M3,
Figure 5 illustrates similar performance trends.

We see that the approximate DP approach with concave approximation offers sub-
stantiative gains over the use of the DLP even with very simple stochastic variation in
arrival rates. We anticipate that these gains will be further amplified for more complex
models of arrival rate variability (for example in models with a larger number of demand

modes etc.).

4.6 Towards scalability: A simpler ALP

Assuming maximal capacities of  on each of L legs, a time horizon N, and F’ fare prod-
ucts, the ALP with separable concave approximations has ©(Z* N F) constraints. In this
section we will demonstrate a program - the relaxed ALP (rALP) - with O(zN LF2F)
constraints that generates a feasible solution to the ALP. The rALP has the same deci-

sion variables as the ALP, and a small number of additional auxiliary variables. The
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Figure 4.5: Performance relative to the DLP for model M3

rALP is consequently a significantly simpler program than the ALP. In the case of affine
approximation, the rALP generates the optimal solution to the ALP. In the case of sepa-
rable concave approximations, the rALP generates a feasible solution to the ALP whose
quality we demonstrate through computational experiments to be excellent. The rALP
solution in fact coincides with the ALP solution in all of our experiments. Our presen-
tation will assume that an itinerary can consist of at most 2 flight legs and will be in
the context of model M1 for simplicity; extending the program to more general arrival

process model is straightforward.

4.6.1 TherALP

In what follows, we understand that for a state s € S, s = (x(s), n(s)). Let us partition
S into sets of the form S, = {s: s € S,z(s); =0 <= y; = 0} forally € {0,1}~.
Clearly, S can be expressed as the disjoint union of all such sets S,. Also define the
subset of fare products F, according to F, = {f : Ay < y} and assume F, # () for all

y. For some y € {0, 1}7, consider the set of constraints

(Ter)(s) < (Pr)(s) forall s € S, (4.2)
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We will approximate the feasible region specified by this set of constraints by the follow-

ing set of constraints in 7 and the auxiliary variables m:

LP,,(r,m) <0 Vn < N

mi > T Vin<N,ie{l,. .. i} feF,
ZZ:AZJ:I mlf,n,i“ Z Py vn S N7f € -/Ty

m/ <m/ Vion < Nyjie{l,...,z—1},f € F,

ln,i+l — IR X

4.3)

where LP, ,,(r, m) refers to a certain linear program with decision variables z € RV (@+1),
We will now proceed to describe this linear program as also discuss how the constraint
LP,,(r,m) < 0 may itself be described by a set of linear constraints in r, m and certain

additional auxiliary variables.

Let us define:

T
Cyn(rm) e =" " (ripiri = Tin )T+
[ =0

z—1
Z )\f Z (Z(mlf,n-&-l,i - Tl,n—&—l,i)(xl,n,i - xl,n,i—}—l) + (ml‘f;n+17j - Tl,n—&—l,a‘t)xl,n,a':)

fe:]:y l:Alﬂfil Zil

Implicit in this definition, the vector ¢, , (r, m) has components that are themselves linear
functions of r and m. Delaying a precise description for a moment, our goal is to employ

the approximation

Z m{inil ~ max((®r)(E,n) — (Br)(E — Ay, 1), py),
LA p=1

forall f € F,,sothatc,,,(r, m) = will serve as our approximation to (7'®r)(s)—(Pr)(s)

when s € S, n(s) =nand z(s); = >, Ty,
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We next define the linear program LP, ,,(r, m).

LP,,(r,m): max  c¢y,(r,m)'z
s. t. Tipo=1 Vi
Tip1 =1 Vist.y =1
Tipn1 =0 Vist.y =0
Tipitt < Tpps Vin,i>1
0<uz,, VYini>1

The constraint set for LP, ,,(r,m) may be written in the form {z : Cz < b,z > 0}

where C' and b have entries in {0, 1, —1}. The dual to LP, ,,(r, m) is then given by:

: /
min b'zyn
!/
s. t. C'2yn > cyn(r,m)
Zymn 2 0

so that by strong duality, our approximation to the set of constraints (4.2), i.e. (4.3)), may

equivalently be written as the following set of linear constraints in the variables r, m and

2yt
Vayn <0 Vn < N
C'zyn > cyn(r,m) Vn < N
Zyn = 0 Vn < N
; , (4.4)
M i = Thini Vin<N,ie{l,....z}, f € F,
Zl:Al’fZ]. mlf;’n,:f Z pf vn S N’ f S ‘Fy
mi i <mi,. Vi,n < Nyie{l,...,i—1},f € F,

Assuming a starting state sy = (7,0) , we thus propose to minimize (®7)(so) subject to
the set of constraints (4.4) for all y € {0, 1} and

Tln,im 2 Tln,i+1,m vza n,t,m

Tinim = 0 Vi, l,m;n=N
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in order to compute our approximation to the value function. We will refer to this pro-

gram as rALP(sp).

4.6.2 Quality of Approximation

We have proposed approximating the feasible region specified by the set of constraints
(TPr)(s) < (Pr)(s) foralls € S

which has size that is ©(zX N F) by a set of linear constraints of size O(zZ N LF2%). There
are two potential sources of error for this approximation: For one, we would ideally like
to enforce the constraint ¢, ,,(r,m)’z < 0 only for z.,,. in {0, 1}@+DE whereas in fact
we allow z.,,. to take values in [0, 1]@ VL, It turns out that this relaxation introduces
no error to the approximation, simply because the vertices of LP,,(r,m) are integral.
That is, the optimal solutions always satisfy x7, ; € {0,1}. This is simple to verify;
LP,,(r,m) may be rewritten as a min-cost flow problem on a certain graph with integral
supplies at the sources and sinks.

The second source of approximation error arises from the fact that we approximate

max((®r)(z,n) — (Pr)(z — Ag,n),pr) bY D1, 21 mlf,nm- In particular, we have:

ST, = max((@r)(s) — (@r)(a(s) — Ap.n(s),p;) (45

l:Al,fil

This yields the following Lemma. A proof may be found in the appendix.

Lemma 12. rALP(sq) > ALP(so). Moreover if (r"L¥ 'm) is a feasible solution to the
rALP then r" AT s a feasible solution to the ALP.

In the case of affine approximations the reverse is true as well. That is, we have:

Lemma 13. For affine approximations, rALP(sy) < ALP(sq). Moreover if v is a
feasible solution to the ALP then there exists a feasible solution to the rALP, (r"*LF' m)

rALP _ . ALP

satisfying r r

Consequently, the rALP yields the optimal solution to the ALP for affine approxima-

tions. In the case of separable concave approximations, the rALP will in general yield



4.6. TOWARDS SCALABILITY: A SIMPLER ALP 75

suboptimal solutions to the ALP. One may however show that there exists an optimal

solution to the rALP satisfying for all s € S

* * * 1 *
Z ml,ﬁ(s),x(s)l > max((r*)(s)—(Pr7)(z(s)—Ayf,n(s)),ps) = B Z ml,;{(s),x(s)p
LA =1 I:A; p=1

(4.6)
so that heuristically we might expect the rALP to provide solutions to the ALP that are
of reasonable quality. In fact, as our computational experiments in the next subsection
illustrate, the rALP appears to yield the optimal ALP solution in the case of separable

concave approximations as well.

4.6.3 Computational experience with the rALP

We consider problems with 3, 4, and 8 flights with problem data generated as in the
computational experiments in Section 5. Table 1 illustrates the solution objective and
solution time for the rALP and ALP for each of these problems. For the 3 and 4 dimen-
sional problems, we consider instances small enough so that it is possible to solve the
ALP exactly. We see in these instances that the rALP delivers the same solution as the
ALP in a far shorter time. The ALP for the 8 dimensional instance cannot be stored - let
alone solved - on most conventional computers; the rALP for that problem on the other
hand is relatively easy to solve and yields a near optimal solution (the comparison here
being with the optimal solution of an RLP with 100,000 sampled constraints; recall that
the RLP solution is a lower bound on the ALP).

In practice we envision the rALP being used in conjunction with constraint sampling.
In particular, consider the following alternative to the RLP of Section 4: Let X" be the
set of sampled states one might use for the RLP. We then include in the rALP the set of
constraints (4.3)) for only those (y,n) such that there exists a sampled state (z,n) € X
with 2(s) € S,. The sampled rALP will have O(zLF K (X)) constraints where K (X') =
{(y,n) : ds € Xs.t. s € S, n(s) = n}|. Since a majority of sampled states are likely to
be in S, where e is the vector of all ones (indicating that all fare products can potentially
be serviced), one may expect K(X) to be far smaller than |X|, making the sampled
rALP a significantly simpler program than the RLP. Moreover, since the sampled rALP
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’ Dimension \ T \ T \ ALP(sg) \ rALP(sg) \ tALP \ tALP ‘
3 10| 50 | 925.46 925.46 99.33 2.674
20| 50 1035.23 1035.23 | 2611.89 11.46
4 10| 10 | 218.28 218.28 161.67 0.41
10 | 30 653.37 653.37 2771.0 2.45
g 10 | 100 | 5019.90* | 5028.15 849.2* | 1251.92
10 | 100 | 5019.90* | 5028.12** | 849.2* | 177.77 **

Table 4.1: Solution quality and computation time for the rALP and ALP. * indicates
values for an RLP with 100,000 constraints (recall that the RLP provides a lower bound
on the ALP). ** indicates values for the sampled rALP described in section 6.3 using the
same sample set as that in the computation of the corresponding RLP. Computation time
reported in seconds for the CPLEX barrier LP optimizer running on a workstation with
a 64 bit AMD processor and 8GB of RAM.

attempts to enforce (7'®r)(s) < (Pr)(s) for a collection states that are a superset of the
states in X', we might expect it to provide a stronger approximation as well. While a
thorough exploration of the sampled rALP is beyond the scope of this chapter, the last

row of Table 1 provides encouraging supporting evidence.

4.7 Discussion and Conclusions

We have explored the use of separable concave functions for the approximation of the
optimal value function for the dynamic capacity allocation problem. The approximation
architecture is quite flexible and we have illustrated how it might be employed in the con-
text of a general arrival process model wherein arrival rates vary stochastically according
to a Markov process. Our computational experiments indicate that the use of the LP
approach to Approximate DP along with this approximation architecture can yield sig-
nificant performance gains over the DLP (of up to about 8%) , even when re-computation
of DLP bid prices is allowed at every time step. Moreover, our control policy is a bid
price policy where policy execution requires a table look-up at each epoch making the
methodology ideally suited to real time implementation. State of the art heuristics for the
dynamic capacity allocation problem typically resort to using point estimates of demand

in conjunction with a model that assumes simple time homogeneous arrival processes in
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order to make capacity allocation decisions dynamically. As such, our algorithm may
be viewed as a viable approach to moving beyond the use of point estimates and instead
integrating forecasting and optimization. The approach we propose is also scalable. For
example, the sampled rALP proposed in section 6 may be solved in a few minutes for
quite large problems.

Our approximate DP approach offered only a marginal performance improvement
relative to the DLP in the case where demand for the various fare classes were time
homogenous Poisson processes. In fact, the DLP is asymptotically optimal for such
demand processes (when one scales the time horizon 7' and the starting inventory level
xo). This is not surprising, and is essentially the consequence of an averaging effect: in
particular, if demand for a fare class is a Poisson processes, then expected demand for that
fare class is O(7") (in the time horizon T'), and realized demand is with high probability
within an additive factor of ©(v/T') of expected demand. Of course, the Poisson process
is not unique in this regard, and the DLP is likely to yield close to optimal performance if
demand for fare classes demonstrates averaging behavior of this manner on a time-scale
comparable to the sales horizon 7. Demand in models M1 and M2 (for which we show
a significant improvement over the DLP) does not demonstrate this averaging effect due
to a random transition in arrival rates at ~ 7'/2. In summary, we note that if demand for
fare classes is likely to experience significant shocks on a time scale that is slow relative
to the time horizon, the DLP is unlikely to be near optimal and our approximate DP
methods are likely to yield significant improvements.

Several issues remain to be resolved. For example, in the interest of very large-
scale implementations, it would be useful to explore the use of simpler basis functions
that are nonetheless capable of capturing the concavity of the true value function. In
computational experiments, the rALP produced optimal solutions to the ALP; it would be
interesting to establish that the programs are equivalent (as we have in the case of affine
approximations). The ALP produces a tighter approximation to the true value function
than does the DLP but it remains to show that the ALP policy dominates the DLP policy
as well if this is at all true. Finally, a computational exploration of our approach with a
highly realistic simulator such as that used by P.P.Belobaba (2001)) would give a better

sense for the gains that one may hope to achieve via the use of this approach in practice.



Concluding Remarks

The “estimate, then optimize” paradigm is widely used in practice. Its use stems primar-
ily from the speed and modularity requirement for modern RM systems. Yet, it is not
without its flaws. This thesis set out to address some of those flaws. In particular, we

asked two questions:

e Would addressing these flaws produce a tangible impact on revenues?

e Could these flaws be addressed in a manner that is robust and efficient?

While definitive answers to either question can only be provided through real world
tests and implementations, we have over the course of this thesis provided support for af-
firmative answers to both. In particular, we saw that accounting for the incentive to learn
(in the case of the one product dynamic pricing problem) and optimization that attempts
to harness all the predictive capabilities of a forecast model (for problems of network-
RM), could potentially yield large performance gains. This perhaps isn’t so surprising.
What is noteworthy is that we were able to accomplish these goals via tractable schemes
that required no more computational effort than existing approaches to these problems.

RM optimization research has typically focused on highly simplified models of cus-
tomer demand. In part this is because there is a dearth of information on “true” demand
models used in practice (these are highly proprietary), and in part because many of these
optimization problems are hard in spite of such simplifying assumptions. Hopefully, the
insights we have gained through this study encourage the use of optimization techniques

that attempt to incorporate more realistic models of demand.
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Appendix A

Proofs for Chapter 2

A.1 Proofs of Theorems 1 and 2

A.1.1 Existence of Solutions to the HJB Equation

Our proofs to both Theorems 1 and 2 will rely on showing the existence of a bounded
solution to the HJIB Equation (HJ)(2) = 0 for 2 € S; ;5 We will demonstrate the
existence of a solution to the HIB Equation wherein price is restricted to some bounded
interval. We will later show that the solution obtained is in fact a solution to the original
HJB Equation.

Define B = r + % (1 S . e_l(j%)). Let I be the set of admissible price

ax

functions bounded by B, and define the Dynamic programming operator

(H®J)(2) = sup (H"J)(2)

wellp

We will first illustrate the existence of a bounded solution to the HIB Equation:
(HBJ)(z) =0 (A.1)

forz e S, ;.

z,a,
For some arbitrary N > b let us first construct a solution on the compact set S évag =

{(z,a,b) €S : x+a =F+a;b < b< N} with the boundary conditions J(z, a, N) = 0
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and J(0,a,b) = 0.

Lemma 14. (A1) has a unique bounded solution on SY_ satisfying J(x,a, N) = 0 and
J(0,a,b) = 0.

In the interest of brevity, the proof to the Lemma is omitted. Nonetheless, we provide
a sketch: Upon setting J(0, a, b) = 0, (A.T)) can be interpreted as an initial value problem
of the form J = f(J,b) with J(N) = 0, in the space R*~! equipped with the max-
norm. It is then routine to check the requirements for the application of a local existence
Theorem for ODE’s in a Banach space (such as Theorem 11.19 in Jost| (2000)).

The following two Lemma’s construct a solution to on §; ; j using solutions
constructed on S

£,a,b°

Lemma 15. Let JV be the unique solution to (A1) on SY_. with J(z,a, N) = 0 and

a0,
J(0,a,b) = 0. Moreover, let JN' be the unique solution to (A1) on Sévz;gfor some
N' > N with J(x,a,N') = 0and J(0,a,b) = 0. Then, for (x,a,b) € S~

Z,a,b’

|JN (z,a,b) — TV (x,a,b)| < 7’~ = ! exp(—a(N — b))

—1/= ~
Moreover, JN (z,a,b) < "<—&+%)
ab

Proof: Define 7y = inf{t : n; = x} Ainf{¢t : b = N}. Similarly, define 7. Let
7*N(-), defined on S¥_-, be the greedy price with respect to J*. Finally, define the

_ kN N
age T Jr_*

, . N , . .
“revenue” function ;" = “~————. We then have, via an application of Lemma ,

TN
IV (x,a,0) = E, pon [ / e—afr:’th} + By e [N TN (20, g, by )]
0
TN
=E, N {/ e_atT:’th}
0
Note that this immediately yields:

JN b < J* b)) < J* <L
($,CL, )— (I’ a, )— a/b(x) = Ozi) )
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Now, for an arbitrary 7 € 172, and the corresponding revenue function r, we have (again,

via Lemma |4
JN/(:E7 a, b) Z EZ,T(' |: _atrtdt:| + Ez ™ e T JN/ (‘ITN/ ) aTN/a bTN/)

=F. - [ e “r dt}
In particular, using the price function 7 = 7** for b < N and 0 otherwise, yields,

/ N

JN (z,a,b) > E, o {/ ey dt} = JN(z,a,b) (A.2)
0
The same argument, applied to J, with the price function 7", yields
TN
E, o {/ e “r; dt} < JN(z,a,b)
0

Finally, noting that on {75+ > 75}, v > N — b, we have

TN/
Ez,w*,N’ |:/ €_at dt:|
N

Adding the two preceding inequalities, yields

LT p(—a(N — 1))

a+x

JN (2, a,b) —r exp(—a(N — b)) < JV(z,a,b).

Since JV'(z,a,b) > JN(z,a,b) by (A.2), the result follows.

O
Lemma 16. limy_ JV exists on S; ; ;, is bounded, and solves system (A1)
The key step here is showing limy &JV = Zlimy JV for all z € S, ;;; this is

routine analysis given the result of the preceding Lemma and is omitted for brevity. The
previous Lemma constructs a bounded solution to (A.T])). We now show that this solution
is in fact a solution to the original HIB Equation (H J)(z) = 0 for z € S; ;
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Lemma 17. Let J be a bounded solution to (A1). Then, J is a solution to (H.J)(z) =0
forz € S; ;5

Proof: We show the claim by demonstrating that the greedy price (in I1?) with respect
to J is in fact attained in [0, B). We begin by proving a bound on such a greedy price.
Let 7, € ITZ be the greedy price with respect to .J, and 7 = inf{t : N, = z¢}. We have,

via Lemmafd]

J(2) = E, ny, {/ e_atftdt] +E, [e_mj(zT)}
0

= EZﬂTdb |:/ €_at7:tdt:|
0

Now let .J° be the solution to (A.I) when the discount factor is (1 + 6/b). Let 73, be
the corresponding greedy price. We then have from Lemma [ and using the fact that
J(z,a,b+0) = J°(x,a,b),

j(.ﬁE, a, b+ 5) = Ez 0 |:/ e_a(1+5/b)tffdt:|
»"db 0

2 Ez,ﬂ'db |:/ eo[(1+6/b)t7:tdt:|
0

It follows that

J<Z> - J(ZL’, a, b+ 5) < Ez,ﬂdb {/ (eiat — €a(1+6/b)t>7:tdt‘|
0

< / (et — matt+/ b”)—rel(z 0y
0

so that
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Putting the two bounds together yields

~ ~ ~ —1(% | = —1(5 | =
Ja-tat1,b)—Jz)+ 2L fey s re @k rer@rs o, g
a db ab aba

Now observe that the greedy price 741, € II with respect to J is given by

bd -

p= <r— J(x—1,a+1,b)+ J(z) — E%J(z)>+

which by (A3) is in [0, B), so that we have that .J is, in fact, a solution to (H.J)(z) = 0
forz € S; ;5.

A.1.2 Proofs for Theorems 1 and 2

Lemma 18.
A, J(z) = e*”(z)/’"g <J(z') —J(z)+ E%J(z)> —aJ(2)

Proof: As in Theorem T1 in Section VII.2 of Bremaud (1981), one may show for
J € J, and an arbitrary zp € S; ; 5,

t
J(2) =J(20) +/ éij(zs) + J(zs — 1, a5+ 1,b5) — J(z) s —ps/7 g
0 adb bs

t
+/ [J(ws* —1,as- + 1,65—) — J(zsf)] (st _ %e—ps/rds)
0

s

It is not hard to show that that N, — %e*ps/ " is a zero-mean o(z°, p®) martingale, so that

we may conclude
e E[J(z)] — J(z0) =

t
) [/ L%J(zs) + J(xs— 1,05+ 1,bs) — J(zs)} %@—ps/rds] + (e — 1) (z)
0 s

Dividing by ¢ and taking a limit as t—0 yields, via bounded convergence, the result. O
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Lemma 19. (Verification Lemma) If there exists a solution, Je J to
(HJ)(z2) =0

forall z € S, . ;, we have:

7a7b,

1. J(-) = J*(")
2. Let w*(-) be the greedy policy with respect to J. Then () is an optimal policy.

Proof:

Let 7 € II be arbitrary. By Lemma4]

T (20) — J(20) =F { /0 e g g () ds

(A4)

<0
with equality for 7*(-), since H™ .J(2) = (H.J)(z) = 0 forall z € S; i O
Now we have shown the existence of a bounded solution, .J to (HJ)(z) =0o0n Siab

in the previous section, so that the first conclusion of the Verification Lemma gives
Theorem 1. The value function J* is the unique solution in J to HJ = (.
The second conclusion and (A.4) in the Verification Lemma give

Theorem 2. A policy m € 1l is optimal if and only if H™ J* = 0.

A.2 Proofs for Section 2.5

Lemma 1. Forall z € S, > 0
JH(2) < J(2) < iy (@) <

where p* is the static revenue maximizing price.
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Proof: We begin with showing that J;(-) is concave in A. Consider maximizing the
sum of revenues from two independent systems, both of which have an initial inventory
x and arrival rates A, and A\, respectively. It is clear that the revenue maximizing policy
is one which charges 7} (z1(t)) in the A; system and 73 _(22(t)) in the Ay system. Now
consider a system with no inventory constraint that at every time ¢ must post a price
for both the A\; and A, streams, but registers sales and receives revenues from only one
of the streams (w.p. 1/2 for each). The system cannot register any sales after a total
of 2x sales (both registered and unregistered) have occurred. Note that irrespective of
the policy employed the system will register X sales where X is a Binomial(2x,1/2)
random variable. Moreover it is possible to show that given X, one may generate arrivals
so that the relevant arrival stream continues to be Poisson((A; +\2)/2. Consider a policy
that charges 73 (z1(t)) in the A; system and 7}, (z2(t)) in the Ay system. The expected
revenue under such a policy is precisely (J5 (x)-+J5, (x))/2. Moreover, it is clear that the
expected revenue for such a system under the optimal policy is E[J (*/\1 29 /2(X )] where
X is a Binomial(2z, 1/2) random variable. A simple induction using the monotonicity of
the H, operator establishes that J}(z) — J;(x — 1) is non-increasing in z so that we have
by Jensen’s inequality that E[J(\ ) »(X)] < Jjy ,4,)/2(2). The concavity of J3(-) in
A follows.

Now since J3 () is concave in A, Jensen’s inequality gives us that J; , (z) = J5 (2) >
E[J{(z)] = J(z). Note that J;(x) is bounded above by the value of a system with cus-
tomer arrival rate A but without a finite capacity constraint. The optimal policy in such a
system is simply to charge the static revenue maximizing price, p*, garnering a value of

F@r' yielding Jj () < F@2, =

A.3 Proofs for Section 2.7

Lemma 3. Forall z € S,a > 0, J**(2) = J*!(z,a, ab).

Proof: Consider the following coupling of the « system starting at state (x, a, b), and of
the 1 system starting at state (z, a, ab). Let us assume that the first system is controlled by
the price function 7, (-) while the second is controlled by the price function 75(-) where

mo(x, a,b) = m(x,a,b/a). Consider the evolution of system 1 under a sample path with
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arrivals at {t;} and a corresponding binary valued sequence {¢} and of system 2 with
arrivals {t}.} = {at;} and the same binary valued sequence {t; }. Now let {¢; ,k < x}
be distributed as the first = points of a Poisson(\) process where A ~ I'(a,b). Then it
is easy to verify that {afy ,k < x} is distributed as the first = points of a Poisson(\)

process where A ~ I'(a.ab). It immediately follows that:

Jma (l‘, a, b) = E)\N[‘(a,b) Z ¢k7T1 (t]:) exp(—a(tk))]
k=1

= Exr(ap) Z Yrma(aty) eXP(—(atk))]
k=1

= Exr(a.ab) Z Yrma(ty) eXp(—tk)]

k=1

= J™(x,a,ab)

The result follows by taking a supremum over all price functions 7. O

Lemmad. Let J € J satisfy J(0,a,b) = 0. Let 7 = inf{t : J(2) = 0}. Let 20 € S; 55
Then,
E [ / e‘“tH”J(zt)dt] T (20) = J(20)
0

Let J : N — R be bounded and satisfy J(0) = 0. Let 7 = inf{t : J(x;) = 0}. Let
xo € N. Then,

E [ /0 ' e‘atH;’J(xt)dt] — T () — (o)

Proof: Define for J € 7, and 7 € II,

A J(z) = lim = o EealIEO)] = I(E)

t>0,t—0 t

Define
H™J(2) = F(r(2))2n(2) + Ay J (2)

=)
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Lemma 18| verifies that this definition is in agreement with our previous definition pro-

vided J € J. Let 7 be a stopping time of the filtration o (z"). We then have:

E [ /0 ' eafHﬂJ(zgdt} _E l /0 Tt (Flr(z) () + AnT () dt]
= J™(20) + E., [e 7T J(2:)] — J(20)
I (20) — J(20)

where the second equality follows from Dynkin’s formula. The proof of the second

statement is analogous. O
Lemma 5. If A < 1, JT" () > \/pJ:(2) forall z € N.

Proof: Letting 7 = inf{¢ : n, = xo} as usual, we have

—E [/0 eatH;f"lJ;(xt)dt] —F [/0 e (1 — )\/p)aJ;(xt)dt]
<E VO o1 — A/p)aJ;(:co)dtl
< (1= A/p)J; (o)

where the inequality follows from the fact that J; () is decreasing in x and since A < p

here. So, from Lemma ], we immediately have:
Ty (o) = JF" (20) < (1= N/p)J; (x0)
which is the result. O

Lemma 6. If \ > p1, J7"' (z) > Ji(z) forall z € N,

Proof: Here,
—F {/ e “"HJ; (x(t)dt]| <0
0

so the result follows immediately from Lemma 4] O

Corollary 1. Forall z € S, and reservation price distributions satisfying Assumptions|]|
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and

F@)p*p(r*(2)) _ Fp*)p*a _
F(r=(2)) J*(2)bax

r*. Let W =T. Lemmaimplies that r* > 7 > 1. It is simple to check that

when the right hand side is 1, the equation is satisfied uniquely by p = p*, the static

Proof: Recall that the decay balance equation implies that

o e . . db . de(z)—p* -
revenue maximizing price. Now we have that 7°°(2) = p* + === (7 — 1) and by part
1 of Assumption ™(z) <p*+ &(r — 1). Consequently,

ma(z) P P )
W*(z) - p* + deéz)—P* (T‘* _ 1)
1

L -1 (P ], )

T+ (s(a)F = 1)/ (o) ] )
1

0

where the second inequality follows from Theorem [3] the third inequality follows from
the convexity assumed in part 1 of Assumption [2} and the final inequality follows from
part 2 of Assumption 2| The upper bound is immediate from the fact that J*(z) < .J(z).
O

Lemma 7. For all z € S, and reservation price distributions satisfying Assumptions 1
and 2,
TP(2) 2 J*(2)

Proof: Define the operator:

(1)) = Fimn(2) (§ () 4 I() = J) + () ) =500

Analogous to the proof of Theorem [l one may verify that J" is the unique bounded
solution to (H"*.J)(z) = Oforall z € S; ; ; satisfying J**(0, a, b) = 0. Identically to the
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proof of Lemma we can then show for J € J satisfying J(0,a,b) = 0,and 20 € S; ; ;
that

E { /0 ' e_atH“bJ(zt)dt} = J"(2) — J(20) (A.5)

Now, observe that for z > 0,

(H"™J")(2)
= F(ran(2)) (% (1% (2) + J*(2) — J*(2)) + %J*(z)) — eI (2)
> F(n*(2)) (% (*(2) + J*(¢) — J*(2)) + %J*(z)) — e (2)
=0
where for the inequality, we use the fact that
7(2) 4 T — T T () = (e (2)) > 0

and that mg,(z) < 7*(z) from Corollary |1, The equality is simply Theorem [I} We
consequently have
H™J*(2) >0 Vz € Siab

so that (A.5)) applied to J* immediately gives:

J"(x,a,b) > J*(z,a,b)

Lemma 8. Forall z € S,r > 0, J*"(2) = rJ*!(2).

Proof: Consider the following coupling of the r system starting at state z = (x, a, b),
and of the 1 system starting at state z. Let us assume that the first system is controlled
by the price function 7 (-) while the second is controlled by the price function 7y () =
(1/r)mi(-). Consider the evolution of both systems under a sample path with arrivals
at {t;} and a corresponding binary valued sequence {1, } indicating whether or not the

consumer chose to make a purchase. Let F-] be a joint expectation over {tx, Uy; k < x}
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assuming {t;} are the points of a Poisson(\) process where A ~ T'(a,b), and ¢, is a

Bernoulli random variable with parameter exp(—m (¢, )/r) = exp(—m2(t,)). We then

have:
J(2)=FE zx:%ﬂl(t;;) eXP(—&(tk))]
k=1
B iwm@k)exp(—a@k))]
k=1
=rJ™(z)
The result follows by taking a supremum over all price functions 7. O

Lemma9. Forall z € S,

J*(z|7) <
e (e~ ) [ 4 TN — 1o+ 1,6)] + (1 — e =) I (2, 0+ 1, 00))

where ™ = 7*(x, a,b*) and Tq, = 7ap(z, a, bP).
Proof: Define 7 = o(2") and F; = o(z}) Then,

J*(ZIT_)

-1
=F E e ¢ thgp*
tk

Lk=1

T
-1

IE E e e tkﬂ'*,

tk

Lk=1

o(FPy ]::_)]

Mo (FPuy f:),x]
<e T [e’(’r*’ﬂdb)[ﬂ* +J(x—1,a+ 1,0+ (1 — e ")) S (2,0 + 1, b))

The second equality is from conditional independence of the past given the distribution
of Mo (F¥ U F;) and ;. For the third inequality, we note that since 7*(-) > map(+),
and further since g, (+) is decreasing in b, we must have that 7; > mqy,, on ¢ < 7.
Consequently, we must have that, b} < b, ont < 7, so that, )\]a(ff'_o UF')isa

Gamma random variable with shape parameter a + 1 and scale parameter, b¢" so that we
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have,

- -

-1
E Ze_e tkﬂ':’; No(FPuF),x
L k=1 |
- -
< sup E Z 67671%7&’; No(FPUF), @
{mm=nfont<r} | k=1 i

which on {n* = 1} is equal to e~ "(7* + J*(z — 1,a + 1,b%)) and on {n* = 0} is
equal to e~ 7J*(x,a + 1,b3). The inequality follows from the fact that 7* ignores the
information in F. O

Lemma 10. Forz > 1,a > 1,b > 0, J*(z,a,b) < 2.05J*(x — 1,a,b).

Proof: Let 7 = inf{t: n*(t) = x — 1}, and define

r—1
*,7T1 . —e 1y,
J5(z2) = By pe e k’/Ttk] :
k=1
Now,
J(2) = M (2) + E [e—e*lﬁ J(la+z—1, bn)] (A.6)

We will show that [e—e*lﬁ J*(1,a 4z — 1,le)] < 1.05J%(z — 1,a,b). Since we
know by definition that J*(x—1,a,b) > J*™(z), the result will then follow immediately
from (A.6).

To show F [e‘flﬁ J*(l,a+z—1, bn)} < 1.05J*(z — 1, a,b), we will first estab-

lish a lower bound on
™(2,a4+x—2,b,)/J (L,a+z —1,b,).
Leta+z—2=k,a+x—1=Fk. Certainly, k¥’ < 2k since a > 1. Now,

m(2,k,b) =1 +logk/b—log J*(2,k,b) > 1+ logk/b — log J; ,(2)
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and J*(1,K',b) < J*(1,2k,b) < J5; (1) so that

(2, k,b) S 1 +logk —log Ji(2)

J* (1K', b) — Ja.(1)
But,
g 1+logk —log J;(2) _ nf 1+ logk — log W (ke" (%)
ke(0,00) Ja. (1) ke(0,00) W (2k)
so that

™(2,a4+ 2 —2,b,,)
J*(l,a+x—1,b,)

> 0.96

It follows that

J(x—1,a,b) > J"™(2)
> Ele™ " (2,a 4z — 2,by,)]

>0.96 Ele™ "J*(1,a+x—1,b,,)]

Substituting in (A.6)), we have the result.

> 0.96



Appendix B

Proofs for Chapter 4

B.1 Proofs for Section 4.4

Lemma 11. For model M2 with initial state s, J*(s) < ALP(s) < DLP(s)

Proof: We assume for notational convenience that NV is even. Consider the following

linear program:

sDLP(s): max  p'zg+ Pr(sy/2 =10)p'z + Pr(sy2 = hi)p'z,
s. t. A(zo + z1) < x(s)
< a(s)

It is clear that sDLP(s) < DLP(s). This is because z + Pr(sy/2 = lo)z1 + Pr(sn/2 =
hi)z, is a feasible solution to DL P(s) of the same value as s DL P(s). We will first show

93
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that ALP(s) < sDLP(s). The dual to sDLP(s) is given by:

min  2(s)y11 + 2(8) Y12 + Déyzo + D/192,1 + Déyzg
s. t. A'(yig +y12) + Y20 >p

A'yi1 4 Y21 > pPr(sn/2 = lo)

A'yra + Y22 > pPr(sy/e = hi)

Y115 Y12, Y2,0, Y2,1, Y22 = 0

where Do = E[Do] — E[DN/2]7 Dl = E[DN/2|SN/2 = 10] and DQ = E[DN/2|SN/2 = hl]
Consider the following solution to the ALP for M2: Set

4
= (yfﬂl + (yiQ)l
fori > 0,n < N/2
fori=0,l=1,n < N/2
[ = 0 otherwise
(= (yi‘,l)l/Pr(sN/g = lo) fori >0, N >n> N/2
Tinido = Di,n?J;J/PT(SNm =lo) fori=0,l=1,N>n> N/2
L = 0 otherwise
(= (7 2)1/Pr(sn/2 = hi) fori >0,N >n > N/2
Tlnihi § = Déyny;z/Pr(sN/Q = hi) fori =0,l=1,N >n> N/2
=0 otherwise

\

where Dy,, = E[D,] — E[Dyys] for n < N/2, Dy, = E[D,|sn/2 = lo] and Dy,, =
E[D,|sn/2 = hi] for n > N/2. It is routinely verified that this solution is in fact feasible
for the ALP and has value equal to sDLP(s). The fact that ALP(s) > J*(s) follows
from the monotonicity of the 7" operator and the fact that J* is the unique fixed point of

T'. This completes the proof.
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B.2 Proofs for Section 4.6

Lemma 12. rALP(sg) > ALP(so). Moreover if (r"L¥ 'm) is a feasible solution to the
rALP then r" AT is a feasible solution to the ALP.

Proof: Let r™LP pe optimal weights from a solution to the rALP, and consider an

arbitrary state s € S. We have

(@r741)(s)

v

S A [ @A) als) = Apn(s) + 1)+ Dm0,

fiAp<x(s) I:A; =1

+l1= > A | (@) (a(s),n(s) + 1)
fAp<z(s)

> 3 M@ ) (a(s) — Apn(s) + 1)
f:Ap<a(s)

+ max ((@rrALP)(aj(s), n(s)+1)— (@rrALP)(x(s) — Agp,n(s) + 1),pf) )

+1- Z A | (@r AP (2(s), n(s) + 1)
fiAg<a(s)

= (T(IDTrALP)(s)

where the first inequality is by the feasibility of 7" m* for the rALP and the second
inequality is enforced by the fourth through sixth constraints in (4.4). This yields the

result. O

Lemma 13. For affine approximations, r ALP(so) < ALP(sq). Moreover if (r‘tF) is a
feasible solution to the ALP then there exists a feasible solution to the rALP, (r"AF" m)

rALP __ ALP

satisfying r r

Proof: Let r* be the optimal solution to the ALP. For each ¢ > 1,1, f,n < N, define

My i = Tini + | Max Z Tin Py | — Z T | /L(Sf)

l:ALf:l l:Al7f:1
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where L(f) = [{l : Ay = 1}|. Since we are considering affine approximations, 7/, ,, =

7} v for ', i" > 0. Consequently, our definition implies that for every f,n,

D mpli=max | Y p
l:Al,fil l:Alyfil
so that the feasibility of r* for the ALP implies that LP,,(r*,m*) < 0 for each y €
{0,1}*,n < N. Moreover, m* clearly satisfies the second through fourth constraints of
#.3). This completes the proof. O
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