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1 Introduction 

In recent years, an increasing number of vendors of information technology have begun to offer 

their customers the option of purchasing equipment with computer processing, storage or other 

capacity that exceeds the customers basic requirement, allowing the customer to refrain from pay-

ing for the surplus capacity until it’s actually required (as the customer’s business grows, experi-

ences seasonal fluctuations or the like). Thus a vendor might supply a 12-processor computer 

server with only 8 operational processors (at a lower initial price), with the customer paying to 

use the idle processors “on demand”. Examples of particular COD products are described in (Sun 

2005), (IBM 2005) and (HP 2005); a survey is presented in (Partridge 2004). 

Almost invariably, these so-called capacity-on-demand offerings also incorporate some form of 

pay-per-use arrangement, so that the equipment monitors the extra capacity activated during 

some period (a month, for example), and the customer is charged accordingly at the end of the 

period. These charges are based on a rate per unit of capacity used (normally expressed as the use 

of a resource — a CPU or bank of processor memory, say, or area of disk storage — for a given 

time), such as “dollars per CPU-hour” or “dollars per gigabyte-month” (Shankland 2005). In al-

most all cases, the buyer is required to commit to using a certain minimum number of units at the 

given rate within the period (IBM 2005, HP 2005). For the remainder of this paper, we use the 

term “capacity-on-demand” (abbreviated COD) to denote the rather than the more cumbersome 

— if more precise — “capacity-on-demand with pay-per-use”.1 

Much of the appeal of capacity-on-demand — at least according to its vendors — is that matching 

a buyer’s expenditures on IT equipment to the use of that equipment helps manage the risks that 

                                                
1 In fact the terminology surrounding capacity-on-demand products and their brethren is somewhat vexed: 

The terms “capacity-on-demand”, “on-demand”, “pay-per-use”, “utility computing” and “agile computing” 

(amongst others) have all been used by vendors to describe the sort of products examined in this paper. To 

save confusion, we use the term “capacity-on-demand” to describe these products, which we take to com-

prise computing resources dedicated exclusively to one customer (and usually situated on the customer’s 

premises) that offer additional capacity for an additional fee based upon recorded usage. 
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the buyer faces; this is a point made explicitly in (IBM 2005) and (HP 2005). COD products al-

low the buyer to purchase additional capacity should the need arise (reducing the risks due to 

business disruption), while not requiring payment for capacity that’s never used (and which is 

presumably not contributing to the buyer’s business). 

This paper examines some of the subtleties that surround the pricing of capacity-on-demand 

products. In particular, it examines conditions under which provision of such products can be ex-

pected to improve a vendor’s expected profits. Certain features of COD products are of particular 

interest in the analysis: 

• Regardless of the amount of extra capacity actually used by the buyer, the seller’s cost of 

providing that capacity is essentially fixed (it’s more-or-less the cost of producing the entire 

piece of equipment). This significantly simplifies the analysis, in that it allows us to focus en-

tirely on the revenues generated for the seller when calculating the effects on profits. 

• As indicated above, COD products are usually offered as a form of “insurance” — in buying 

such products, the buyer expects to reduce the deleterious effects of uncertain events. Thus 

the attractiveness of COD products to a buyer generally depends upon the buyer’s appetite for 

risk. 

• As we will demonstrate, COD products can expose their vendor to the possibility of adverse 

selection; since buyers may be better informed about their future usage than is the seller, they 

may be able to make use of this private information at the time of the purchase to the detri-

ment of the seller. 

The remainder of the paper is as follows: In the next section, we look at some of the existing re-

search related to the work detailed here. Then a simple model is described that attempts to capture 

the salient aspects of capacity-on-demand products and the issues involved in their pricing. This 

model is examined in detail with different assumptions concerning the information available to 

the seller and the buyer. In each case, the COD arrangement is compared with a more conven-

tional purchase in which the vendor essentially sells the entire piece of equipment to the buyer 

upfront. We finish with general conclusions, some recommendations for practical approaches to 

COD pricing and for future research. 
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2 Related Work 

The capacity-on-demand products described in this paper share many of the characteristics of so-

called utility computing offerings.2 The latter (as we discern the term here) provide access to 

shared centralized computing facilities on a pay-per-use basis, the idea being that a buyer of such 

services pays to have individual transactions executed by the computing center, in a manner remi-

niscent of the time-shared computing arrangements of an earlier era. Like capacity-on-demand, 

utility computing normally involves some sort of usage-based pricing, and also shifts the seller 

from variable to fixed costs of provision. For an example of utility computing products, see 

(Shankland 2005) for a brief overview of one vendor’s line. 

Investigations of the economics of utility computing have a long lineage — perhaps unsurpris-

ingly, given that it at least partially recapitulates time-sharing. (Mendelson 1985) is a seminal 

reference that examines different approaches to pricing such shared computing services. More 

recently, research including (Paleologo 2004), (Liu et al. 2001) and (Hellerstein et al. 2004) has 

revisited some of the same issues, focusing particularly on the more modern context of Web ser-

vice hosting.3 

There are a number of key differences between the economics of utility computing and those of 

capacity-on-demand. Most notable of these is that utility computing centers are usually subject to 

multiple service requests from many buyers at the same time, so that many of the models used to 

describe them involve extensive use of queuing theory — see (Mendelson 1985), for example, or 

(Liu et al. 2001). By contrast, capacity-on-demand (at least the term is used here) involves a sin-

gle buyer’s use of a non-shared resource, eliminating much of the technical machinery associated 

with modeling utility computing. With utility computing, sharing of the provider’s computing 

center alters the cost-structure of the services provided depending on the number and nature of 

the requests made by the purchasers — see (Paleologo 2004) for a discussion of “multiplexing 

gains” and Hellerstein et al.’s (2004) use of inventory-control concepts to deal with multiple re-

quests. Again, such considerations are irrelevant in the capacity-on-demand setting, where the 

vendor’s costs are essentially fixed. Finally, we note that in contrast to this paper, work to date on 

the pricing of utility computing products has paid little attention to the role of risk aversion — 

indeed (Mendelson 1985) mentions it only insofar as he deliberately elects to ignore it.  

                                                
2 Indeed, as we observed earlier, some COD products have actually been sold under the “utility computing” 

moniker (Sun 2005). 
3 It is perhaps interesting to contrast the literature’s almost exclusive attention to the economics of utility 

computing systems with customers’ apparent preference for COD products, as indicated in (Lyons 2005). 
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COD products also share some of the characteristics of information goods — goods such as 

books, music, films and computer software that can be digitized and copied at little or no cost. A 

prime distinguishing feature of information goods is that while there are usually fixed costs asso-

ciated with their production (up-front investments in writing, filming, etc.), the corresponding 

variable costs (of copying) are very low. Similarly, with COD products, the costs of providing 

capacity (up to the maximum capacity of the equipment provided) are fixed (being the cost of 

producing the equipment itself), while the variable cost of enabling the idle capacity is almost 

negligible. Works such as (Varian 2000) and (Sundararajan 2004) examine some of the issues 

involved in pricing information goods, focusing particularly on the role played by transaction 

costs (costs associated with monitoring, billing, etc.). It is notable that Sundararajan (2004) spe-

cifically mentions IBM’s “pay-per-use” zSeries software (though not hardware) as an example of 

an information good. 

While related to that here, work to date concerning information goods differs in some important 

respects: First, research on information goods concentrates on primary demand in consumer mar-

kets rather than derived demand in an industrial setting. Thus in a consumer market, future de-

mand is determined entirely by the buyer’s preferences (which are usually assumed to be fully 

known), whereas here, the buyer’s future demand may be stochastic, since it is driven in turn by 

the demand faced by the buyer’s business. And the uncertain nature of the buyer’s future demand 

and the role of COD products in mitigating such uncertainty also raises issues concerning the 

buyer’s risk aversion, which is normally omitted from the treatment of information goods. 

Finally, as we noted above, some of the investigations described in this paper concern the effects 

of information asymmetry in dealing with uncertain demand. Similar issues have recently been of 

concern to researchers in supply chain management, too. As with the work here, in the supply 

chain literature it is normally assumed that the buyer possesses private information (or is at least 

in an advantageous position with regard to obtaining such information) about the nature of future 

demand, and may be tempted to use it to the disadvantage of the supplier and the supply chain as 

a whole. Papers such as (Miyaoka 2005), (Lariviere 2002) and (Cachon and Lariviere, 2001) dis-

cuss the structure of contracts intended to ensure that the buyer of a product shares forecasts of 

stochastic demand for the product with its suppliers. An overview of the literature in this area is 

provided in (Cachon 2003). 

Of course, though the distribution of information in these supply chain scenarios (where the buyer 

may be in possession of a private forecast) parallels that in this study, many of the physical details 

involved differ considerably. For example, production of physical inventory (in contrast to the 

activation of spare capacity in COD) is a costly and time-consuming activity, giving very differ-

ent incentives to the participants. 
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3 A Simple Model of Capacity-on-Demand 

The model used in this paper attempts to capture the distinguishing aspects of capacity-on-

demand products in as simple a setting as possible. It features two actors: A seller (designated 

female for purposes of identification) and a (male) buyer. It is assumed that the seller is a monop-

oly (this is not too far from reality in much of the commercial information technology market, 

where issues such as software compatibility and training requirements normally give vendors a 

fair amount of “lock-in”, at least in the short term). Interaction takes place over a single period. 

At the beginning of the period, the seller offers a number of units of “capacity” at a specified 

price, on a take-it-or-leave-it basis. As discussed in Section 1, this “capacity” may take the form 

of CPU’s, processor memory, data storage, or the like that are placed at the buyer’s disposal 

throughout the period. Also in keeping with the observation we made earlier, we assume that the 

seller’s costs are the same regardless of the amount of capacity used by the buyer. 

We consider two separate pricing schemes: 

• With the bulk pricing scheme, the buyer pays a single price for the right to use all the capac-

ity throughout the period. 

• According to the capacity-on-demand or COD scheme, the capacity provided is divided into 

two amounts: Base capacity, which the buyer purchases for the duration of the period (this is 

the minimum usage commitment discussed in the introduction), and contingent capacity, 

which the buyer purchases (presumably after the fact) only if he uses it during the period. 

For the purposes of comparing the two pricing schemes, we assume that it is possible to delimit 

two units of capacity — one base unit and one contingent unit — amongst those on offer. Again, 

such units may represent an hour of CPU time, a day’s use of a gigabyte of storage, and so on; it 

is not required that they be the only units of capacity provided to the buyer.  

With bulk pricing, the buyer is charged 1p  dollars for the right to use both base and contingent 

units. Under COD pricing, the buyer pays 2p  dollars for the base unit only, and pays an addi-

tional 2p  dollars in the event that he also uses the contingent unit — thus his total payment is 

either 2$p  or 2$2p  depending on whether or not he uses the contingent unit. 

Since capacity-on-demand products are intended to be sold to firms, it is logical to assume that 

they are employed in a production process (where “production” may include the provision of a 

service, of course). The buyer, therefore, realizes a monetary payoff from his use of the capacity 

furnished by the seller. For convenience (and since both monetary denominations and units of 

capacity are arbitrary), we will assume that the payoff from the first unit is $1. Since the buyer’s 

use of the contingent unit is not prescribed (by definition), however, we will make its payoff de-
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pendent on the “state of the world”, as described by the binary indicator σ . Thus if 0σ = , the 

payoff of the contingent unit is $0 (in which case the buyer has no incentive to use it), whereas if 

1σ = , the contingent unit has a strictly positive payoff $ 0v >  (so that the buyer may choose to 

use it, depending on the price demanded by the seller). 

We assume that the buyer’s production process exhibits strictly decreasing returns to scale, so 

that the maximum payoff from the contingent unit is strictly less than that of the base unit. (This 

postulate is not insupportable, in that capacity-on-demand is supposed to provide “extra” capacity 

above the base, and also in that we can choose — say — the first unit of the base capacity as our 

base unit, and the last unit of contingent capacity actually used as our contingent unit.) Therefore, 

since the payoff from the base unit is $1, we require that for contingent unit’s payoff, $ 1v < . 

Finally, so as to make the potential of COD products to mitigate risks attractive to him, we as-

sume that the buyer is risk-averse. Thus we accord him a utility function, ( )U i , that expresses his 

preference for monetary outcomes, and which is continuous, strictly increasing and strictly con-

cave.4 We let y stand for the buyer’s initial wealth. 

An aside: One might object that the model’s assumption of a linear pricing scheme for the COD 

offering is simplistic. In fact, the assumption that base and contingent units are charged at the 

same rate is consonant with the “minimum unit commitments” described in (IBM 2005), for ex-

ample, or (HP 2005). Furthermore, the “units” of base and contingent capacity need not be physi-

cally identical — the analysis here is unaltered so long as both units cost the same under COD, 

and the maximum payoff from the contingent unit is strictly less than that from the base unit. 

                                                
4 To keep the analysis tractable, the seller is assumed risk-neutral. 
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Figure 1: Model Illustration 

The model is illustrated in Figure 1, and possible outcomes are summarized in Table 1.  

 Offer Accepted Declined 

 0σ =  1σ =  0 or 1σ =  
     

Bulk 1p  1p  0 
Payment 

COD 2p  22p  0 
     

Base unit 1 1 0 Buyer’s 

payoff Contingent unit 0 v 0 
     

Bulk 11 p−  11 v p+ −  0 Buyer’s net 

$ benefit COD 21 p−  21 2v p+ −  0 
     

Bulk 1( 1 )U y p+ −  1( 1 )U y v p+ + −  ( )U y  Buyer’s  

utility COD 2( 1 )U y p+ −  2( 1 2 )U y v p+ + −  ( )U y  
     

Table 1: Model Summary 
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3.1 Variations on the Simple Model 

As suggested in the introduction, the effect of pricing decisions for COD products depends cru-

cially on the information that the seller and buyer have about the buyer’s future usage. In the sim-

ple model outlined above, this corresponds to information about the actual value of the indicator 

variable σ  — the “state of nature” that determines the buyer’s payoff from the contingent unit, 

upon which his usage depends. Thus we analyze three variations of the simple model that encap-

sulate three different assumptions about the information available to buyer and seller: 

• In the No Buyer Forecasts case, both the buyer and seller share the same information about 

the value of σ , which takes the form of a probability distribution. 

• With Infallible Buyer Forecasts, the seller still knows σ  only up to a probability distribution, 

but the buyer knows the actual value of σ , which allows him to determine his future usage 

perfectly at the time the COD contract is offered him. 

• Finally, Fallible Buyer Forecasts arrive in the shape of an additional state variable, θ , whose 

value is known only to the buyer, and which is (positively, but imperfectly) correlated with 

σ . The seller, it is assumed, knows nothing about θ . Both seller and buyer still share a 

probability distribution of the value of σ , but the buyer is able to use his additional informa-

tion to refine this distribution. 

3.2 Game-Theoretic Framework 

0σ = 1σ =

p p

Seller
sets
price

Buyer
accepts/
declines

offer

decline

accept

decline

accept

Nature's
move

 

Figure 2: Basic Game Tree 
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Analysis of the model variations in the previous section is conducted within the framework of 

Bayesian game theory. Full introductions to the topic of Bayesian games (also known as games 

with incomplete information) are given in (Fudenberg and Tirole, 1991) and (Myerson, 1997); 

only the most fundamental elements of the framework are required in the analysis conducted 

here. 

In its basic form, the simple model gives rise to a game tree resembling that depicted in Figure 2. 

The latter sets out a sequential game with three players: the buyer and seller discussed above, and 

nature, which chooses the value of the state variable σ . The game proceeds in three steps: 

1. Nature chooses the value of σ , thus determining the buyer’s payoff from the contingent unit. 

2. The seller offers either bulk or COD with a given price. (Since the offer price is continuous, 

the seller chooses from an infinite number of alternatives at this stage, indicated by circular 

arcs in the diagram.) 

3. The buyer accepts or declines the offer. 

The moves selected at each stage of the game determine the final payoffs of the buyer and seller, 

the risk-averse buyer’s payoff taking the form of the utility of his wealth, and the seller’s com-

prising her revenue. 

In analyzing the game, we seek a Bayesian Nash equilibrium, wherein both buyer and seller look 

to maximize their expected payoff, assuming that the other player does likewise. Discussions of 

the descriptive, predictive and normative implications of Nash equilibria (and thus of Bayesian 

Nash equilibria) may be found in (Mas-Colell et al., 1995, pp. 248 – 249) or (Fudenberg and Ti-

role, 1991, pp. 18 – 29). 

For reference during the discussion in the next sections, Table 2 summarizes the parameters of  

the basic model and its variations, along with their assumed ranges. 
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Quantity Interpretation Range/Assumptions 

σ  “State of the world” indicator {0,1}σ ∈  

$1 Payoff from base unit in either state  

v  Payoff from contingent unit when 1σ =  0 1v< <  

y  Buyer’s initial wealth 0y≫  

( )U i  Buyer’s utility function Continuous, increasing, concave 

AR  Buyer’s risk aversion index 0AR >  

φ  Probability that 1σ =  0 1φ< <  

1p  Bulk offer price 1 0p >  

2p  COD offer price 2 0p >  

p  Offer price (bulk or COD unspecified) 0p >  

1 1( )e p  Seller’s revenue as a function of bulk price  

2 2( )e p  Seller’s revenue as a function of COD price  

1p∗  Seller’s optimum bulk offer price 1 0p∗ >  

2p∗  Seller’s optimum COD offer price 2 0p∗ >  

1e
∗  Seller’s maximum revenue with bulk pricing 1 0e∗ ≥  

2e∗  Seller’s maximum revenue with COD pricing 2 0e∗ ≥  

θ  Buyer’s private signal variable {0,1}θ ∈  

ρ  Accuracy of buyer’s private signal 
1
2 1ρ< <  

10( ),  etc.C i  Predicates involving offer prices (Section 6)  

( )I i  Characteristic/indicator function ( ) 1, ( ) 0I Itrue false≜ ≜  
   

Table 2: Summary of Notation 

(Parentheses, brackets, braces and the like are interchanged freely in the interests of clarity.) 
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4 Variation I: No Buyer Forecasts 

4.1 Overview 

0σ = 1σ =

p p′…

…

a d a d

p′ p
…

…

a d a d

 

Figure 3: Game Tree — Fallible Buyer Forecasts 

In this variation, neither buyer nor seller has definitive information about the value of σ , as re-

flected by the regions drawn around sets of nodes in the figure.5 When the buyer moves, there-

fore, she is unable to distinguish between the two nodes resulting from nature’s moves. Corre-

spondingly, the buyer is able to distinguish between nodes only on the basis of the offered price 

(only two sample prices, andp p′  are shown in the figure), not according to the state of nature 

they reflect. 

Both buyer and seller, however, do share a probability distribution (termed the prior distribution) 

over σ . Since σ  is a binary variable, this distribution is completely described by a single model 

parameter: 

 Pr( 1),  so that Pr( 0) 1φ σ σ φ= = = −≜  (1) 

We now examine how each player might maximize his/her payoff under bulk and COD pricing. 

                                                
5 In game-theoretic parlance, they delimit the information sets of the game. 
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4.2 Bulk Case 

Recalling Table 1, when offered a bulk price 1p , the buyer with initial wealth y  faces the follow-

ing outcomes, contingent on his choice to accept or decline the offer and the state of nature as 

indicated by σ : 

Accept/decline offer State Buyer’s Utility Probabil ity 

    
0σ =  1( 1 )U y p+ −  1 φ−  

accept 
1σ =  1( 1 )U y v p+ + −  φ  

    
decline 0,1σ =  ( )U y  1 

 

Thus if the buyer is to maximize his expected utility (a condition for the Bayesian Nash equilib-

rium we seek), his best response to the offer is as follows:6 

 1 1if (1 ) ( 1 ) ( 1 ) ( )

otherwise

U y p U y v p U yφ φ− + − + + + − ≥



accept

decline
 (2) 

Since the seller always earns 1$p  in the event the buyer accepts in (2), her revenues (as a function 

of the price offered) are: 

 1 1 1
1 1

if (1 ) ( 1 ) ( 1 ) ( )
( )

0 otherwise

p U y p U y v p U y
e p

φ φ− + − + + + − ≥
= 


 (3) 

This characterization may be further refined using a standard result from utility theory. Specifi-

cally, it can be shown (see Nicholson 2001, pp. 232-243, for example) that for random variable w 

with mean µ  and variance2τ , expected utility may be approximated: 

 [ ] 21
2

( )
E ( ) ( ),   where

( )A A

U
U w U R R

U

µµ τ
µ

′′
− = −

′
≃  (4) 

Here, the Arrow-Pratt coefficient of absolute risk aversion, AR  (a measure of the curvature of the 

buyer’s utility function at µ ), is an index of the buyer’s antipathy toward uncertain outcomes; it 

is strictly positive for the risk-averse buyer is assumed in the model.7 The expression 21
2 AR σ  con-

stitutes a risk premium, and is determined by the discount that the (risk-averse) buyer associates 

with the uncertainty in the outcome of his selection in (2). 

Since buyer’s payoffs in (2) may be considered as a random variable with mean 11y v pφ+ + −  

and variance 2 (1 )v φ φ− , (4) implies that the following equivalences hold up to approximation: 

                                                
6 For the sake of convenience, we resolve indifference in favor of purchase. 
7 In the notation used here, the general dependence of 

A
R  on µ  is elided. 
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1 1

21
1 2

21
1 2

21
1 2

(1 ) ( 1 ) ( 1 ) ( )

( 1 (1 )) ( )

1 (1 )

1 (1 )

A

A

A

U y p U y v p U y

U y v p R v U y

y v p R v y

p v R v

φ φ
φ φ φ

φ φ φ
φ φ φ

− + − + + + − ≥

⇔ + + − − − ≥

⇔ + + − − − ≥

⇔ ≤ + − −

 (5) 

Given (3), the seller attains maximum earnings when the inequalities in (5) are binding, so her 

optimum price offer is: 

 21
1 21 (1 )Ap v R vφ φ φ∗ = + − −  (6) 

Thus the seller’s maximum earnings are: 

 21
1 1 1 1 2( ) 1 (1 )Ae e p p v R vφ φ φ∗ ∗ ∗= = = + − −  (7) 

4.3 COD Case 

Calculations proceed analogously to those in the bulk case, so that the buyer’s strategy is de-

scribed: 

 2 2if (1 ) ( 1 ) ( 1 2 ) ( )

otherwise

U y p U y v p U yφ φ− + − + + + − ≥



accept

decline
 (8) 

In this case, when the buyer accepts, the seller is paid 2p  (for the base unit alone) with probabil-

ity 1 φ−  and 22p  (for the base and contingent units) with probability φ : 

 

2 2 2 2
2 2

2 2 2

(1 ) 2 if (1 ) ( 1 ) ( 1 2 ) ( )
( )

0 otherwise

(1 ) if (1 ) ( 1 ) ( 1 2 ) ( )

0 otherwise

p p U y p U y v p U y
e p

p U y p U y v p U y

φ φ φ φ

φ φ φ

− + × − + − + + + − ≥
= 


+ − + − + + + − ≥
= 


 (9) 

The buyer’s payoffs have mean 21 (1 )y v pφ φ+ + − +  and variance 2
2( ) (1 )v p φ φ− − , so using the 

risk aversion coefficient as in the bulk case, approximately: 

 
21

2 2 22
2 2

(1 ) if (1 ) 1 ( ) (1 )
( )

0 otherwise
Ap p v R v p

e p
φ φ φ φ φ+ + ≤ + − − −

= 


 (10) 

Now formally, by deriving the appropriate Kuhn-Tucker conditions, or informally by graphical 

inspection, we can show that the seller’s optimum price must satisfy: 

 21
2 22(1 ) 1 ( ) (1 )Ap v R v pφ φ φ φ∗ ∗+ = + − − −  (11) 
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And using (9), the seller’s maximum expected earnings are derived: 

 ( )

2 2 2

2

2
1

22

2

21
2

( )

(1 )

1 (1 )

1 (1 )
1

A

A

e e p

p

v R v p

e
v R v

φ

φ φ φ

φ φ φ
φ

∗ ∗

∗

∗

∗

=

= +

= + − − −

 
= + − − − + 

 (12) 

This quadratic equation has two roots, the larger of which is given by the rather formidable ex-

pression: 

 ( ) ( )( )2

1
(1 ) 1 1 2 2 (1 )(1 ) 1

(1 ) A A
A

e R v R v
R

φ φ φ φ φ φ
φ φ

∗ += − − − + + + − − +
−

 (13) 

For the parameter ranges assumed for the model, it is evident that the term in the radical is posi-

tive, so we are assured that 2e∗  is real. Furthermore, it is positive, i.e.: 

 ( ) ( )(1 ) 1 1 2 2 (1 )(1 ) 1 0A AR v R vφ φ φ φ φ− − − + + + − − + >  (14) 

For if we were to assume the contrary, then: 

 ( ) ( )2 2 (1 )(1 ) 1 1 (1 ) 1A AR v R vφ φ φ φ φ+ + − − + ≤ − − −  (15) 

Squaring both sides and simplifying, this implies that: 

 21
21 (1 ) 0Av R vφ φ φ+ − − ≤  (16) 

In addition, since the left hand side of (15) is positive: 

 

( )

21 1
2 2

1 (1 ) 1 0

1 (1 ) 0

(1 ) (1 )

A

A

A

R v

R v

R v v

φ φ
φ φ φ

φ φ φ

− − − ≥
⇒ + − − ≥

⇒ − ≤ +

 (17) 

 Substituting (17) into (16): 

 
21 1

2 2

1
2

1 (1 ) 1 (1 ) 0

1 (1 ) 0
Av v v R v

v

φ φ φ φ φ
φ

+ − + ≤ + − − ≤
⇒ − − ≤

 (18) 

But the latter is a contradiction, given the ranges of the model parameters. 
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4.4 Commentary 

Comparing (7) and (12), given the range restrictions on the model parameters: 

 

2

22
2 1

2

2

2 2

1 2

21
12

21
2

1
2

1

1

0 2
1

2 (1 ) since and  are positive

2 (1 ) by assumption

1 (1 ) 2 (1 ) substituting for 

1 2 (1 ) (1 )

1 (2

A

A

A

e
e e v v

e
v v

e
v

e v e

e e v

v R v v e

v v R v

R

φ

φ

φ
φ φ

φ
φ φ φ φ
φ φ φ φ

∗
∗ ∗

∗

∗

∗ ∗

∗ ∗

∗

 
> ⇒ − < + 

⇒ − <
+

⇒ < <
+

⇒ < +

⇒ < < +

⇒ + − − < +

⇒ + − + < −
− +

⇒ >
2

)

(1 )

v

v

φ
φ φ−

 (19) 

A similar argument beginning with the assumption 2 1e e∗ ∗≤  establishes the equivalence: 

 1
2 1 2 2

1 (2 )

(1 )A

v
e e R

v

φ
φ φ

∗ ∗ − +> ⇔ >
−

 (20) 

Note that the final inequality is satisfied if — as assumed — AR  is strictly positive and 

1 (2 )v φ≥ + , so that with model parameters within their assumed ranges: 

 1
2 1 2 2

1 1 (2 )
or

2 (1 )A

v
e e v R

v

φ
φ φ φ

∗ ∗ − +> ⇔ ≥ >
+ −

 (21) 

Informally, this may be interpreted as increasingly favoring capacity-on-demand over bulk as a 

selling strategy to the extent that the following hold: 

1. The return to the buyer from use of the contingent capacity is high. 

2. The probability that the contingent capacity will be used is high. 

3. The buyer is relatively more risk averse. 

Note, however, that neither bulk nor capacity-on-demand is a superior approach in all circum-

stances. This might seem at odds with intuition; after all, a buyer purchasing capacity-on-demand 

pays additional fees only if he uses (and presumably profits from) the additional capacity, reduc-

ing the variability of his net dollar benefit — an agreeable prospect for the risk-averse buyer. 

However, the derivation in (19) demonstrates that in order to effect such a reduction in variabil-

ity, the price charged in the capacity-on-demand scheme must be such that overall earnings can-
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not exceed 2 (1 )v φ+ , which may be less than the seller can earn offering a bulk purchase under 

the same circumstances.  

5 Variation II: Infallible Buyer Forecasts 

5.1 Overview 

0σ = 1σ =

p p

decline

accept

decline

accept

 

Figure 4: Game Tree — Infallible Buyer Forecasts 

This variation is depicted in Figure 4. The seller is still unable to distinguish the states in which 

her moves are made, but the buyer now has precise information about the value of σ . 

5.2 Bulk Case 

Since the buyer is now able to observe σ , he can predict his payoffs with certainty. Accordingly, 

the buyer’s best response is given by the following composite piecewise function: 

 

1

1

if ( 1 ) ( )
if 0

otherwise

if ( 1 ) ( )
if 1

otherwise

U y p U y

U y v p U y

σ

σ

 + − ≥ 
= 

 


+ + − ≥  =  

accept

decline

accept

decline

 (22) 

Since the buyer’s utility function, ( )U i , is assumed to be continuous and strictly increasing, this 

expression may be simplified: 
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1

1

if 1
if 0

otherwise

if 1
if 1

otherwise

p

p v

σ

σ

 ≤ 
= 

 


≤ +  =  

accept

decline

accept

decline

 (23) 

Given such a strategy on the part of the buyer (with ( )I i  denoting the indicator function), the 

seller can expect revenue: 

 1 1 1 1 1 1( ) (1 ) ( 1) ( 1 )e p p I p p I p vφ φ= − ≤ + ≤ +  (24) 

We have assumed that 0 1v< < , so this expression is has local maxima: 

 
1 1 1

1 1 1

1 ( ) 1

1 ( ) (1 )

p e p

p v e p vφ
= ⇒ =
= + ⇒ = +

 (25) 

Finding the pricing scheme’s global maximum entails comparing these two local maxima; the 

(trivially) derived conditions on the model parameters are as follows: 

 

1

1

1
1 if 1

1 otherwise

1
(1 ) if 1

1 otherwise

v v
p

v v
e

φ

φ
φ

∗

∗

 + > −= 



 + > −= 



 (26) 

5.3 COD Case 

As before, the buyer’s best response is a piecewise function: 

 

2

2

if ( 1 ) ( )
if 0

otherwise

if ( 1 2 ) ( )
if 1

otherwise

U y p U y

U y v p U y

σ

σ

 + − ≥ 
= 

 


+ + − ≥  =  

accept

decline

accept

decline

 (27) 

Which may be simplified: 

 

2

2

if 1
if 0

otherwise

if 2 1
if 1

otherwise

p

p v

σ

σ

 ≤ 
= 

 


≤ +  =  

accept

decline

accept

decline

 (28) 

Thus the seller can expect revenue: 

 2 2 2 2 2 2( ) (1 ) ( 1) 2 (2 1 )e p p I p p I p vφ φ= − ≤ + ≤ +  (29) 
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This has the following two local maxima: 

 
2 2 2

2 2 2

1 ( ) 1

1 1
( ) (1 )

2 2

p e p

v v
p e p

φ

φ

= ⇒ = −
+ += ⇒ = +

 (30) 

Globally: 

 

2

2

1 1 1 3
if or

2 3 1

1 otherwise

1 1 1 3
(1 ) if or

2 3 1

1 otherwise

v
v

p

v
v

e

φφ
φ

φφ φ
φ

φ

∗

∗

+ − > > += 



+ − + > > += 
 −

 (31) 

5.4 Commentary 

As in the previous section, it is possible to determine which pricing scheme (bulk vs. COD) pro-

duces greater expected earnings for the seller. Like before, neither bulk nor COD is superior un-

der all circumstances. To demonstrate this, begin by expanding the definition of 1e
∗  to yield the 

following: 

 2 1 2 21 (1 ) (1 ) 1e e e v e vφ φ∗ ∗ ∗ ∗> ⇔ > > + ∨ > + >  (32) 

Since the alternate value of 2e∗  is 1 φ− , and since we have assumed that 1φ > , it must be that 

1 1φ− < , so: 

 2 1 2 2 2

1
(1 ) 1 (1 ) (1 ) 1

2

v
e e e e v e vφ φ φ∗ ∗ ∗ ∗ ∗+

 > ⇔ = + ∧ > > + ∨ > + >   (33) 

With model parameters within their assumed ranges, it is straightforward to show that, 
1

(1 ) (1 )
2

v
vφ φ++ > + , so that the above reduces to: 

 2 1 2 2

1
(1 ) 1

2

v
e e e eφ∗ ∗ ∗ ∗+> ⇔ = + ∧ >  (34) 

Next, we have: 

 

1
(1 ) 1 (1 )(1 ) 2

2
(1 ) 2 (1 )

(1 ) 1

1

1

v
v

v

v

v

φ φ

φ φ
φ φ

φ
φ

++ > ⇔ + + >

⇔ + > − +
⇔ + > −

−
⇔ >

+

 (35) 

Combining (34) and (35) establishes the conditions under which the COD scheme is superior: 



 Pricing capacity-on-demand computing products 

 - 19 - 

 2 1

1 1
 

1 1

v
e e v

v

φ φ
φ

∗ ∗ − −> ⇔ > ⇔ >
+ +

 (36) 

Stepping back and comparing the pricing schemes offered in this section with those of the previ-

ous one, it’s obvious that the players’ potential winnings are altered significantly by the buyer’s 

possession of a private forecast of his usage. First, note that since the buyer knows the outcome of 

his purchase decision ahead of time, the utility of any outcome is not impaired by his risk aver-

sion.  

The seller, by contrast, suffers from her ignorance of the buyer’s forecast. For consider how the 

seller might price both bulk and capacity-on-demand offerings were she to share the buyer’s fore-

cast of his actual use (as embodied in the value of the state indicator σ ) — a situation termed the 

first best solution in the literature. It is a relatively minor exercise to prove that the seller’s opti-

mal first best strategy is to offer a bulk price of 1 v+  dollars or a COD price of (1 ) 2v+  dollars 

when 1σ =  and a price of $1 in either scheme when 0.σ =  In these circumstances, expected 

revenues are 1 vφ+  dollars with either pricing scheme, which is demonstrably greater than 

1 2 and e e∗ ∗ . 

So with knowledge of the usage forecast, the seller can earn revenues strictly exceeding those of a 

seller who is ignorant of the buyer’s projected usage. This difference in revenues — the surplus 

that the buyer is able to obtain from his private forecast — is termed the buyer’s (expected) in-

formation rent; it is strictly positive, regardless whether the bulk or COD pricing scheme is 

adopted. 

However, under certain circumstances, a seller offering COD may suffer particularly from this 

information asymmetry. Observe that from (35), (and from the fact that 1 1φ− < , as mentioned 

above) it is perfectly possible to have 2 1e∗ <  — in fact the minimum value of 2e∗  approaches 

$ 3 1
4 2 when  as 0vφ = → . However, recall that we know (as does the seller) that the buyer will 

certainly have use for at least one unit of capacity in either state of the world, and that therefore 

he’s bound to achieve a payoff of at least $1. In other words,  for a range of model parameters, 

the COD seller’s expected earnings are strictly less than $1 — despite the fact that she knows 

that the buyer is surely able to extract a payoff of at least $1. (By contrast, for the bulk scheme, it 

is always the case that 1 1e∗ ≥ .) 

To see informally how this apparent paradox arises, consider the seller’s price-setting decision in 

the COD case, as set out in (31): 

− She could select a price of $1, in which case the buyer will only purchase if he knows his us-

age will be less than two units (for in the case that he does need 2 units, he’d be compelled to 

make a payment of 2 dollars, which is more than his payoff of 1 v+  dollars). The probability 
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that the buyer needs only one unit is 1 φ− . Therefore in this instance, the seller can expect 

earnings of 1 1φ− <  dollars. 

− Or she could set the price at 1
2 (1 ) 1v+ <  dollars. At this price, the buyer will purchase regard-

less of whether he needs 1 or 2 units. However, if he needs only one unit, he pays an amount 

strictly less than his payoff (of $1). For the parameter values specified in (36), this loss of 

surplus to the customer requiring only 1 unit is sufficient to depress expected earnings below 

1 dollar. 

In Section 7, we discuss approaches to pricing COD products that avoid this anomaly. Mean-

while, the next section looks at a model that combines elements of both of those we’ve examined 

heretofore. 

6 Variation III: Fallible Buyer Forecasts 

6.1 Overview 

0, 0σ θ= =

p

a d

p

a d

p

a d

p

a d

1, 0σ θ= =

0,
1

σ
θ

=
=

1,
1

σ
θ

=
=

 

Figure 5: Game Tree — Fallible Buyer Forecasts 

In this game, the seller is still unsure about the value of σ , but the buyer can observe a private 

“signal” variable, θ , that is positively correlated with σ . In the diagram of Figure 5, such an 

arrangement is represented by enumerating the combined values of σ  and θ ; while the seller 
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cannot distinguish between any of these combinations, the buyer can separate them, but only 

based on the value of θ .  

As before, both seller and buyer possess common knowledge about σ  and θ  in the form of a 

(joint) prior probability distribution. Since the seller knows nothing about the buyer’s signal, it is 

logical to assume that (marginally) in the common prior 1
2Pr( 1) Pr( 0)θ θ= = = = . To complete 

the prior’s joint distribution, we need to specify the conditional distribution of σ  given θ , 

Pr( | )σ θ , which determines Pr( , ) Pr( | ) Pr( )θ σ σ θ θ= . For simplicity, this conditional distribu-

tion is specified by a single model parameter, ρ : 

 
Pr( 1| 1) ,

Pr( 1| 0) 1

σ θ ρ
σ θ ρ

= = =
= = = −

 (37) 

Amongst other things, this leaves the seller wholly uninformed about the value of σ  (a rather 

more restrictive assumption than that made in Section 4), since its marginal distribution in the 

prior is: 

 

1 1
2 2

1
2

1 1
2 2

1
2

Pr( 1) Pr( 1| 1)Pr( 1) Pr( 1| 0)Pr( 0)

(1 )

Pr( 0) Pr( 0 | 1)Pr( 1) Pr( 0 | 0)Pr( 0)

(1 )

σ σ θ θ σ θ θ
ρ ρ

σ σ θ θ σ θ θ
ρ ρ

= = = = = + = = =
= + −
=

= = = = = + = = =
= − +
=

 (38) 

To make the buyer’s forecast informative but less than perfect, we require that 1
2 1ρ< < .8 

6.1.1 Bulk Case 

For the buyer, the expected payoffs of his choices in this game can be summarized as follows: 

Value of θ  Buyer’s move  Buyer’s expected utility 
   

decline  ( )U y  
0 

accept  1 1( 1 ) (1 ) ( 1 )U y p U y v pρ ρ+ − + − + + −  
   

decline  ( )U y  
1 

accept  1 1(1 ) ( 1 ) ( 1 )U y p U y v pρ ρ− + − + + + −  

   

 

                                                
8 Providing that 1

2ρ ≠ , this can always be assured by inverting the value of θ  as necessary. 
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Abbreviate: 

 10

11 1 1

( ) ( 1 ) (1 ) ( 1 ) ( )

( ) (1 ) ( 1 ) ( 1 ) ( )

C p U y p U y v p U y

C p U y p U y v p U y

ρ ρ
ρ ρ

+ − + − + + − ≥
− + − + + + − ≥

≜

≜
 (39) 

These predicates can also be approximated using the buyer’s risk aversion index: 

 
21

10 2

21
11 2

( ) 1 (1 ) (1 )

( ) 1 (1 )

A

A

C p p v R v

C p p v R v

ρ ρ ρ
ρ ρ ρ

⇔ ≤ + − − −

⇔ ≤ + − −
 (40) 

Thus the buyer’s best response to an offer price 1p  is: 

 
[ ] [ ]10 1 11 1if 0 and ( )  or 1 and ( )

otherwise

C p C pθ θ = =



accept

decline
 (41) 

Offering price 1p , the seller receives: 

 1 if buyer s

0 otherwise

p



accept
 (42) 

Substituting from (41), (42) becomes: 

 
[ ] [ ]1 10 1 11 1if 0 and ( )  or 1 and ( )

0 otherwise

p C p C pθ θ = =



 (43) 

Thus the expected revenue resulting from an offer price 1p  is: 

 
{ } { }

{ } { }
1 1 1 10 1 11 1

1
1 10 1 11 12

( ) Pr( 0) ( ) Pr( 1) ( )

( ) ( )

e p p I C p I C p

p I C p I C p

θ θ=  = + =  

=  +  

 (44) 

From the approximations in (40), we derive two local maxima for this expression: 

 
{ } { }
{ } { }

21 1
10 1 10 10 10 10 11 102 2

21 1
11 1 11 11 10 11 11 112 2

1 (1 ) (1 ), ( ) ( ) ( )

1 (1 ), ( ) ( ) ( )

A

A

p v R v e p p I C p I C p

p v R v e p p I C p I C p

ρ ρ ρ

ρ ρ ρ

= + − − − =  +  

= + − − =  +  

 (45) 

To expand out the indicator functions in the expressions above, note first that by definition, 

10 10( )C p  and 11 11( )C p . Furthermore, since 11 10 (2 1)p p vρ= + − , with the assumptions we have 

made for the ranges of the model parameters, it is also the case that 11 10( )C p  and 10 11( )C p¬ . 

Thus: 

 

21 1
1 10 10 102 2

21 1 1 1
1 11 11 112 2 2 2

( ) [1 1] 1 (1 ) (1 )

( ) [0 1] 1 (1 )

A

A

e p p p v R v

e p p p v R v

ρ ρ ρ

ρ ρ ρ

= + = = + − − −

 = + = = + − − 
 (46) 
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Comparing these two expressions leads straightforwardly to the global maximum: 

 

21 1
2 2 2

1
21

2

21 1
2 2 2

1
21 1

2 2

1 (2 3 )
1 (1 ) (1 ) if

(1 )

1 (1 ) otherwise

1 (2 3 )
1 (1 ) (1 ) if

(1 )

1 (1 ) otherwise

A A

A

A A

A

v
v R v R

vp

v R v

v
v R v R

ve

v R v

ρρ ρ ρ
ρ ρ

ρ ρ ρ

ρρ ρ ρ
ρ ρ

ρ ρ ρ

∗

∗

+ − + − − − ≤ −= 
 + − −

+ − + − − − ≤ −= 
  + − − 

 (47) 

6.1.2 COD Case 

Value of θ  Buyer’s move  Buyer’s expected utility 
   

decline  ( )U y  
0 

accept  2 2( 1 ) (1 ) ( 1 2 )U y p U y v pρ ρ+ − + − + + −  
   

decline  ( )U y  
1 

accept  2 2(1 ) ( 1 ) ( 1 2 )U y p U y v pρ ρ− + − + + + −  

   

In this case, we abbreviate: 

 20

21

( ) ( 1 ) (1 ) ( 1 2 ) ( ),

( ) (1 ) ( 1 ) ( 1 2 ) ( )

C p U y p U y v p U y

C p U y p U y v p U y

ρ ρ
ρ ρ

+ − + − + + − ≥
− + − + + + − ≥

≜

≜
 (48) 

Approximately: 

 
21

20 2

21
21 2

( ) [1 (1 )] 1 (1 ) ( ) (1 )

( ) (1 ) 1 ( ) (1 )

A

A

C p p v R v p

C p p v R v p

ρ ρ ρ ρ
ρ ρ ρ ρ

⇔ + − ≤ + − − − −

⇔ + ≤ + − − −
 (49) 

The buyer’s best response to an offer price 2p  is: 

 
[ ] [ ]20 2 21 2if 0 and ( )  or 1 and ( )

otherwise

C p C pθ θ = =



accept

decline
 (50) 

When the buyer accepts a COD product, the seller’s revenues are dependent on the buyer’s actual 

usage, as determined by the value of σ . Thus, she receives: 

 
2

2

if buyer s and 0

2 if buyer s and 1

0 otherwise

p

p

σ
σ

=
 =



accept

accept  (51) 
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Substituting from (50) and rearranging, (51) becomes: 

 

[ ] [ ]
[ ] [ ]

2 20 2 21 2

2 20 2 21 2

if 0 and 0 and ( )  or 1 and 0 and ( )

2 if 0 and 1 and ( )  or 1 and 1 and ( )

0 otherwise

p C p C p

p C p C p

θ σ θ σ
θ σ θ σ

 = = = =
 = = = =



 (52) 

Again, the expected revenue resulting from an offer price 2p  is: 

 

[ ] { }
[ ] { }

[ ] { } [ ] { }( )
{ } { }

2 2 2 2 20 2

2 2 21 2

1
2 2 20 2 2 2 21 22

1
2 20 2 21 22

( ) Pr( 0, 0) 2 Pr( 0, 1) ( )

Pr( 1, 0) 2 Pr( 1, 1) ( )

2(1 ) ( ) (1 ) 2 ( )

(2 ) ( ) (1 ) ( )

e p p p I C p

p p I C p

p p I C p p p I C p

p I C p I C p

θ σ θ σ
θ σ θ σ

ρ ρ ρ ρ

ρ ρ

= × = = + × = = +

× = = + × = =

= + − + − +

=  − + +  

 (53) 

This time there are two local maxima, each satisfying the following: 

 

[ ]
{ } { }

{ } { }

21
20 202

1
2 10 20 20 20 21 202

21
21 212

1
2 21 2 20 21 21 212

1 (1 ) 1 (1 ) ( ) (1 ),

( ) (2 ) ( ) (1 ) ( )

(1 ) 1 ( ) (1 ),

( ) (2 ) ( ) (1 ) ( )

A

A

p v R v p

e p p I C p I C p

p v R v p

e p p I C p I C p

ρ ρ ρ ρ

ρ ρ

ρ ρ ρ ρ

ρ ρ

+ − = + − − − −

=  − + +  

+ = + − − −

=  − + +  

 (54) 

Taking the larger of the two roots in each case yields: 

 

( ) ( )

( ) ( )

20

21

1
(1 ) 1 2 2 (1 )(1 ) 4 4

(1 )

1
(1 ) 1 1 2 (1 )(1 ) 2 1

(1 )

A A
A

A A
A

p R v R v
R

p R v R v
R

ρ ρ ρ ρ ρ
ρ ρ

ρ ρ ρ ρ ρ
ρ ρ

 = − + − + − − + − +
 −

 = − − − + − − + + +
 −

 (55) 

Arguments similar to that in Section 4.3 demonstrate that both prices are real and positive. As 

before, 20 20( )C p  and 21 21( )C p  by definition. Next, substituting (55) into (49) and simplifying 

produces: 

 

( )

( ) ( )
[ ]

20 21

2

1
2

2 1
( ) 1 2 (1 )(1 ) 2 1 0

(1 )

1 2 (1 )(1 ) 2 1

2 (1 ) (1 ) 0

(1 ) 1

1

Since it is assumed that 1

A
A

A

A

C p R v
R

R v

R v v

v v

ρ ρ ρ ρ ρ
ρ ρ

ρ ρ ρ ρ
ρ ρ

ρ
ρ

ρ

−  ⇔ + − − − + + + ≤
 −

⇔ + ≤ − − + + +

⇔ − − − ≤
⇔ − ≤ −
⇔ ≤
⇔ < <true

 (56) 

Similarly, we can show that 21 20( )C p  is false.  
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Thus the values of maxima in (54) may be simplified: 

 
1

2 20 202

3
2 21 212

( ) (2 )

( )

e p p

e p p

ρ= −
=

 (57) 

Furthermore a tedious but straightforward expansion of both of the above expressions along the 

same lines as (56) establishes that for the model parameter ranges assumed, it is always the case 

that 2 21 2 20( ) ( )e p e p> . 

Therefore: 

 3
2 2 21 212( )e e p p∗ = =  (58) 

6.2 Commentary 

Comparing (47) and the expansion of (58), more algebra proves that: 

 1
2 1 2 2

1 1 (2 )
or

2 (1 )A

v
e e v R

v

ρ
ρ ρ ρ

∗ ∗ − +> ⇔ ≥ >
+ −

 (59) 

Comparing this with (21), we see that these are precisely the conditions associated with Variation 

I (the “no forecasting” case), but with the buyer’s forecasting accuracy, ρ , substituted for the 

common prior probability of contingent usage, φ , from Variation I.9 In other words, the seller’s 

selection of pricing scheme depends on the risk that the buyer associates with his forecast. In this 

case too, we can deduce conditions favoring the seller’s offering COD rather than bulk: 

1. The return to the buyer from use of the contingent capacity is high. 

2. The accuracy of the buyer’s forecast (as distinct from the prior probability that he will ac-

tually use the contingent capacity) is high. 

3. The buyer is relatively more risk averse. 

Note that as the accuracy of the buyer’s forecast approaches 1, the conditions in (59) converge to 

the following: 

 2 1

1

3
e e v∗ ∗> ⇔ ≥  (60) 

As would be expected, this is precisely the condition that attaches to the “infallible buyer fore-

cast”, (36), when the prior probability of contingent use, φ , is 1
2 , which corresponds to the prior 

probability that 1σ =  in this case, as established in (38). 

                                                
9 Naturally, the actual values of the seller’s maximal revenues differ in each case. 
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The effects of adverse selection can be seen at work in COD pricing for this case, too. For con-

sider the limiting case as AR  tends to zero; such a risk neutral buyer, faced with a payoff of at 

least $1 in either state of the world, would be willing to pay at least $1 for the prospect. In such 

an instance, it follows directly from (47) that the bulk seller’s revenues are 1 (1 )vρ+ −  dollars, 

which is always greater than $1. For the COD seller, however, maximum expected revenues are: 

 2

3 1

2 1

v
e

ρ
ρ

∗ +=
+

 (61) 

Note then that: 

 
2 1 3 1

1
3 2 1

v
v

ρ ρ
ρ ρ
− +< ⇒ <

+
 (62) 

Again, we see that under certain circumstances, the COD seller is unable to extract consumer sur-

plus that she knows must be present. (In fact other things being equal, such circumstances are 

more likely to arise as the buyer’s forecast quality, ρ , increases.) 

7 Conclusions 

This paper has investigated some very simple models intended to capture some of the salient as-

pects of capacity-on-demand computing products. Such products have the peculiar property of 

exacting a fixed cost from the seller while returning variable revenues depending on the buyer’s 

use of the product from period to period. Using the framework of Bayesian games, we compared 

the maximum revenues that a seller could expect from such products with those from a more con-

ventional offering whose price was not contingent on usage. We explored three possible scenar-

ios: One in which both seller and buyer were privy to the same information concerning the 

buyer’s future usage; one in which the buyer (but not the seller) was certain of his future usage; 

and one in which the buyer had more information than the seller (but not certainty) concerning his 

usage. In each case, we were able to characterize the conditions under which the seller could ex-

pect greater revenues with the capacity-on-demand product than with the conventional one (nei-

ther was uniformly superior). Broadly speaking, the seller could expect to fare better selling ca-

pacity-on-demand to a buyer who was relatively more risk averse, who placed a relatively greater 

value on the contingent capacity in the product and who was either more likely to use the contin-

gent capacity (in the event the buyer had no private information) or was more certain as to 

whether or not he would need the capacity (when the buyer had a private forecast). However, we 

were also able to show that in certain circumstances, a COD seller would be unable reliably to 

capture surplus that she is sure the buyer must possess — a problem that the seller of the conven-

tional product would not face. 
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The latter effect is, as we indicated earlier, a manifestation of adverse selection — a phenomenon 

studied at length in the literature, beginning with the seminal (Akerloff 1970); see (Riley 2001) 

for a comprehensive survey. In capacity-on-demand pricing, adverse selection issues from the 

fact that the possession of private information on the part of the buyer of his future usage means 

that he is only likely to pay higher per-unit charges for his contingent capacity if he knows he’s 

unlikely to use many such units. Such behavior, as we have seen, limits the expected revenues 

that the seller realizes. 

Since adverse selection has been the object of sedulous investigation for over thirty years now, 

it’s probably not surprising that an array of mechanisms have been proposed to address it. For 

problems like those discussed in this paper, these mechanisms amount to pricing schemes involv-

ing a menu of different product-price combinations, where products in the combinations differ in 

terms of quality or quantity — see (Wilson 1997) or (Laffont and Martimont 2001) for details. 

Properly designed, these pricing schemes implement second degree price discrimination, 

whereby buyers “self-select” based on their private information, allowing the seller to extract the 

maximum benefit possible, given that she is ignorant of the buyer’s information at the outset. 

For the very simple model presented in this paper, a correspondingly simple COD pricing scheme 

entirely obviates the effects of adverse selection. This scheme prices both units of the product at 

their maximum marginal benefit — i.e., a buyer using a single unit pays $1, and a user of both 

units pays $1 v+ . It is straightforward to demonstrate that with such a pricing scheme, whether 

the buyer possesses no forecast, a fallible forecast or an infallible one, he is never left with con-

sumer surplus, and in particular, that the seller is never left unable to extract utility that she knows 

the buyer must possess. 

Naturally, the near-triviality of this optimal pricing scheme results from the very minimal nature 

of the model itself — the model postulates only one unit of base capacity and one unit of contin-

gent capacity, whose maximum benefits are known to both parties. Of course in reality, the situa-

tion is likely to be much more complex, with multiple units of both types of capacity and benefits 

that are uncertain to the seller and/or to the buyer. Therefore a logical extension of the work pre-

sented here would be the exploration of COD pricing strategies in more complicated settings; a 

comprehensive discussion of many of the issues to be tackled can be found in (Wilson 1997). 

Another possible direction for future work would be to apply the insights gained here to the utility 

computing products mentioned earlier. In many ways, these can be viewed as a development of 

capacity-on-demand/pay-per-use products, which apply similar pricing concepts (i.e., payment 

per unit of capacity used) to shared computing resources (normally located at the vendor’s site). 

A promising start might be to extend the minimal models in this paper, so as to incorporate multi-
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ple buyers whose demands for contingent capacity are more or less correlated. Techniques like 

those used in risk modeling for insurance, investment portfolio and credit provision (Bluhm et al. 

2002), (Cherubini et al. 2004) could be used to explore the ramifications of the correlation struc-

ture of the buyers’ demands. 
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