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Abstract

There is growing interest in large-scale systems where
globally distributed and commoditized resources can
be shared and traded, such as peer-to-peer networks,
grids, and cloud computing. Users of these systems
are rational and maximize their own interest when
consuming and contributing shared resources, even if
by doing so they affect the overall efficiency of the
system. To manage rational users, resource pricing
and allocation can provide the necessary incentives
for users to behave such that the overall efficiency
can be maximized. In this paper, we propose a dy-
namic pricing mechanism for the allocation of shared
resources, and evaluate its performance. In contrast
with several existing trading models, our scheme is
designed to allocate a request with multiple resource
types, such that the user does not have to aggregate
different resource types manually. We formally prove
the economic properties of our pricing scheme using
the mechanism design framework. We perform both
theoretical and simulation analysis to evaluate the eco-
nomic and computational efficiency of the allocation
and the scalability of the mechanism. Our simulations
are validated against a prototype implementation on
PlanetLab.

1. Introduction

Recent advances in computer technology and the
Internet have led to the expansion of computer net-
works into large distributed systems. Currently, several
technologies such as grid computing and cloud com-
puting among others, are converging towards federated
sharing of computing resources. In these distributed
systems, resources are commodities and users can
both consume and contribute with shared resources.
In cloud computing, hardware and software resources
are provided over the Internet on-demand, as a service,

without the user having knowledge of the underlying
infrastructure. Currently, cloud computing usage is
increasing both in breadth, such as the number of
resource types offered, and in depth, such as the
number of resource providers. Thus, with an increas-
ing number of cloud users, it is expected that more
providers will offer similar services. Furthermore, with
interoperability between different providers, users are
able to use the same service across clouds to improve
scalability and reliability. In this context, the aim of
federated clouds is to integrate resources from different
providers such that access is transparent to the user.

A fundamental problem in any federated system is
the allocation of shared resources. Recent work in
distributed systems acknowledges that users sharing
resources are self-interested parties with their own
goals and objectives [8]. Usually, these parties can
exercise their partial or complete autonomy to achieve
their objectives and to maximize their benefit. They can
devise strategies and manipulate the system to their ad-
vantage, even if by doing so they break the rules of the
system. For example, performance of peer-to-peer file
sharing is affected by free-riders, users that consume
more than their fair share [13]; in a computational
grid, users compete for the same resources, which may
result in increased waiting times [18]; some users of
SETI@home, a popular distributed computing project,
modified the software client to report false-negatives
in order to achieve higher rankings [13].

To manage rational users, economics and mecha-
nism design offer market-based approaches for pricing
and allocation of shared resources [15]. Although we
cannot assume rational users are trusted to follow the
algorithm or protocols designed and deployed, we can
assume that they participate in sharing in order to
maximize their personal gain, such that incentives may
be used to induce the desired behavior. Mechanism
design studies how to structure incentives such that
users behave according to protocols. Thus, recent work
in peer-to-peer networking [7, 16], grid or cluster
computing [11], resource allocation [4, 18], and others,
use a form of incentives to manage rational users.



Our work focuses on a dynamic pricing scheme
suitable for allocating resources in federated systems,
where pricing is used to manage rational users. A
rational user may represent either an individual user, a
group, or an organization, depending on the application
context. Using the mechanism design framework, we
formally prove that our pricing scheme is strategy-
proof.

In many federated environments, users request more
than one type of resources from different providers. In
contrast to fixed pricing, where users have to manu-
ally aggregate resources from different providers, our
pricing scheme is designed to allocate a request for
multiple resource types. Moreover, in large distributed
systems, resource demand and supply fluctuate as users
join and leave the system. We show using simulations
that in our proposed dynamic scheme, the user welfare,
the percentage of successful requests, and the percent-
age of allocated resources increase when compared to
fixed pricing.

We evaluate our pricing scheme both for economic
and computational efficiency. In addition to theoretical
analysis, we use simulations that are validated by a pro-
totype implementation of our framework on PlanetLab.
We compare our pricing scheme with combinatorial
auctions, where economic efficiency is maximized at
the cost of computational efficiency. In addition, we
study the scalability of a centralized implementation
and propose a distributed scheme that scales when
increasing the number of users and the number of
resource types.

The remainder of this paper is structured as follows.
Section 2 presents related works from grid computing
and distributed systems. We discuss dynamic pricing
in Section 3. Our proposed framework is introduced in
Section 4, while in Section 5 we evaluate the economic
and computational efficiency and scalability. Finally,
Section 6 contains our conclusions and future work.

2. Related Work

Resource markets have been previously proposed
for sharing computational resources in the presence of
rational users [6, 10, 18]. A resource market consists
of the environment, rules and mechanisms where re-
sources are exchanged. In this context, related works
have used either bartering or pricing to exchange
resources. Figure 1 presents a classification of exist-
ing economic models based on the exchange method
used. In bartering, resources are exchanged directly,
without using any form of currency. For example, in
BOINC [3], users donate their CPU cycles by running
a software client which polls a server for new jobs. In
BitTorrent [7], rational users that behave selfishly and
do not cooperate in sharing files are punished by other
users. In contrast, in OurGrid [4], each user keeps track
of other users that provide resources for their jobs,
and prioritize their requests when their own resources
are idle. Bartering is simple to implement and allows
several types of incentives for rational users: moral
incentives (volunteer computing) or coercive incentives
(tit-for-tat, network of favors). However, bartering al-
lows exchanges between a single resource type. For
example, BitTorrent users exchange blocks from the
same file, OurGrid is used for CPU cycles, etc. To
exchange multiple resource types, our framework uses
pricing and common currency to express the value of
each resource type.

Pricing is the process of computing the exchange
value of resources relative to a common form of
currency. Economic models for the allocation of shared
resources may use fixed or dynamic pricing. When
using fixed pricing, each resource type has a predefined
price, set by the seller. For example, Amazon provides
disk space for $0.15/GB. In contrast, when using dy-
namic pricing, the resource price is computed for each
request according to the pricing mechanism used. More
specifically, a resource type can have the same price
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Figure 1: Economic-inspired Resource Allocation Models



for all resource providers (non-discriminated pricing),
or payment is computed differently for each resource
provider (discriminated pricing). Pricing schemes use
financial incentives in addition to payments to motivate
rational users to be truthful.

Several market-based allocation systems for grids,
such as Nimrod/G [5], use bargaining or negotiation
to determine the resource price. The advantage of
this approach is that sellers and buyers communicate
directly, without a third party mediating an alloca-
tion. The seller attempts to maximize the resource
price, while the buyer strives to minimize it. However,
communication constitutes the main disadvantage of
bargaining: in a large dynamic market, each buyer
has to negotiate with all sellers of a resource type
in order to maximize his utility. The communication
costs grow further when a buyer requires more than one
resource types. Thus, scalability becomes a major issue
when increasing the number of users or the number of
resource types in a request. To address scalability, we
propose a distributed reverse-auction mechanism built
on top of a peer-to-peer overlay, such that any user
can become a market-maker and auctions for different
resource types can take place simultaneously.

In contrast to resource sharing systems used in
research and academic communities or for personal
benefit, cloud computing has been put into commercial
use and its economic model is based on fixed pric-
ing. Previous unsuccessful cloud computing attempts,
such as Intel Computing Services, required users to
negotiate written contract and pricing. However, cur-
rent online banking and currency transfer technologies
allow cloud providers to use fixed pricing, with buyer
payments made online using a credit-card. Federated
clouds can be formed by combining private clouds
to provide users with resizeable and elastic capaci-
ties. Currently, companies such as Amazon operate
as standalone clouds service providers. However, in
a federated cloud, any globally distributed user can
both offer and use cloud services. A user is either an
individual, a group, or an organization, depending on
the application context. In contrast with fixed pricing,
our scheme is designed to reflect the dynamic value of
shared resources when supply and demand fluctuates.

3. Dynamic Pricing Mechanisms

Market-based resource allocation mechanisms based
on pricing introduce several economic and computa-
tional challenges. From a computational perspective,
a mechanism must compute in polynomial time the
allocation of multiple resource types while maximizing
the number of allocated resources and satisfied re-
quests. However, an optimal allocation mechanism for

multiple resource types such as combinatorial auctions
requires a NP-complete algorithm [14]. Accordingly,
many systems share only one resource type, such as
CPU cycles in volunteer computing, and file blocks in
file-sharing networks.

From an economic perspective, the desirable proper-
ties for resource allocation are: individual rationality,
incentive compatibility, budget balance and Pareto
efficiency [12]. In an individual rational allocation
mechanism, rational participants gain higher utility by
participating in resource sharing than from avoiding
it. Incentive compatibility ensures that the dominant
strategy for each participant is truth-telling. Budget-
balance verifies that the sum of all payments made by
buyers equal the total payments received by the sellers.
Fareto efficiency, the highest economic efficiency, is
achieved when, given an allocation, no improvement
can be made that makes at least one participant bet-
ter off, without making any other participant worse
off. However, according to the Myerson-Satterthwaithe
impossibility theorem [12], no mechanism can achieve
all four properties together. Accordingly, related works
have traded incentive compatibility [6], economic ef-
ficiency [10] or budget-balance [14]. In contrast, our
approach is to focus on achieving individual rationality,
incentive compatibility and budget balance using a
computationally efficient algorithm that can allocate
buyer requests for multiple resource types.

In a federated system market, dynamic pricing sets
resource payments according to the forces of demand
and supply. Moreover, the use of dynamic pricing
facilitates sellers to provide multiple resource types.
Early cloud services such as Sun Grid Compute Utility
were restricted to one resource type, e.g. CPU time.
More recent services, such as Amazon S3 and EC2,
introduced more resource types, i.e. storage and band-
width. Currently, Amazon has expanded its offer to 10
different virtual machine instance configurations, with
different prices for each configuration, and practice
tiered pricing for storage and bandwidth. We see this
as the first step towards dynamic pricing, where users
can request for custom configurations with multiple
resource types.

The resource market in federated environments con-
sists of many resource types. Figure 2 shows a simpli-
fied resource model where a buyer request can consist
of many resource types and many resource items for
each type. A resource type is loosely defined, and
can be a hardware resource, a software service, or
a combination. We consider the example of a New
York Times employee that used 100 EC2 instances to
convert 4 TB of TIFF files to the PDF format. To com-
plete his job, the user required multiple resource types
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Figure 2: Simplified Model for Multiple Resource Types Buyer Request

(storage from Amazon S3 and computational power
from Amazon EC2), and multiple items (100 Amazon
EC2 instances) to complete his task. In this example,
we assume Amazon EC2 provides ten resource types,
called instances. A small instance consists of 1 EC2
compute unit (approx. 1 GHz CPU), 1.7 GB memory
and 160 GB storage, and is priced at $0.10/hour, while
an extra-large instance consists of 8§ EC2 compute
units, 15 GB memory and 1.6 TB storage, and is priced
at $1.00/hour.

4. Strategy-proof Auction Framework

In the context of federated sharing systems, we
propose a strategy-proof dynamic pricing mechanism
for allocating shared resources with multiple resource
types. We assume a resource market where rational
users can both provide (sellers) and utilize resources
(buyers). Rational users represent either an individual
or an organization. Interoperability provides the buyers
with uniformity and elasticity. Thus, a buyer request
for a large number of resources can be met by more
than one seller.

In [17], we define a mechanism design problem
that describes a resource sharing system where rational
users can be both buyers and sellers of resources.
Given a set of alternative choices, a rational user selects
the alternative that maximizes the expected value of his
utility function. In our mechanism design problem, the
utility functions are determined by the seller costs and
the buyer budget, respectively.

Definition. (The Market-based Resource Allocation
Problem). Given a market containing requests submit-
ted by buyers and resources offered by sellers, each
participant is modeled as a rational user i with private
information t,. A seller has private information t7,, the
underlying costs for the available resource r, such as
power consumption, bandwidth costs, etc. The buyer’s
private information is tf”, the maximum price the buyer
is willing to pay such that resources are allocated to
satisfy its request R. Seller’s ¢ valuation is t} if the
resource r is allocated, and 0 if not. Similarly, buyer’s
i valuation is tf% of the request R is allocated, and 0 if
not. For a particular request R, the goal is to allocate
resources such that the underlying costs are minimized.

Using the mechanism design framework in which
the market-based resource allocation problem is formu-
lated, we propose a reverse auction-based mechanism,
which we prove formally to be individual rational,

incentive compatible and budget-balanced. A mech-
anism that is both individual rational and incentive
compatible is known as strategy-proof.

Auctions are usually carried out by a third party,
called the auctioneer or the market-maker, which
collects the bids, selects the winners and computes
the payments. Our approach to model the market-
maker consists of two parts. Firstly, we focus on the
economical and computational advantages of dynamic
pricing, and, for simplicity, we consider a centralized
market-maker to which sellers publish resources and
buyers send requests. Then, to address the scalability
problem of a centralized system, we introduce dis-
tributed auctions, where more than one market-makers
are able to auction at the same time. Given that buyers
and sellers are globally distributed, we adopt a peer-to-
peer approach, where resource discovery is facilitated
by an overlay network.
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Figure 3: Two-step Auction Protocol

As shown in Figure 3, the reverse auction contains
two steps: winner determination and payment compu-
tation. Winner determination decides which sellers are
selected for allocation, based on the published price,
such that the underlying resource costs are minimized.
However, to achieve strategy proof using financial
incentives, the actual payments for the winning sellers
are determined in the second step, based on the market
supply for each resource type.

Accordingly, the payment for a seller is determined
for each resource type using a VCG-based [9] function,
which verifies the incentive-compatibility property for
sellers:

0, if seller s does not contribute with
resources to satisfy the request
Ps = CM|s=o00 — CM|s=0
if seller s contributes with
resources to satisfy the request



where:

CM|s=oo 18 the lowest cost to satisfy the request without
the resources from seller s;

cu|s=o 1S the lowest cost to satisfy the request when
the cost of resources from seller s resources is 0.

To achieve the incentive-compatibility property for
buyers, we select the requests using the first-come-first-
serve strategy [17]. To obtain budget-balance, the buyer
payment function is the sum of all seller payments:

Py = _Zps

seS
where S is the set of winner sellers.

5. Simulation Evaluation

We evaluate the proposed pricing mechanism both
for economic and computational efficiency. Firstly,
we compare our pricing scheme with combinatorial
auctions, using jCase [1], a java combinatorial auction
simulator. Next, we implement the proposed frame-
work on top on FreePastry [2], an open-source DHT
overlay network environment.

FreePastry allows us to analyze the performance
of the proposed pricing scheme in two different en-
vironments: the Free Pastry simulator, where we can
simulate a large resource market, and PlanetLab, where
we deploy our framework to validate the simulator
results on a smaller number of distributed nodes.
Using simulation, we can compare our dynamic pricing
scheme with fixed pricing, currently used by many
cloud providers.

For simplicity, we use a centralized market-maker to
compare the economic and computational advantages
of dynamic pricing. A centralized implementation has
the advantage of allowing the measurement of eco-
nomic and computational efficiency with a simple
setup for a large simulated network. Moreover, the use
of a peer-to-peer underlying overlay such as FreePastry
allows us to address the scalability issue in our fu-
ture work. Publish and request messages are sent to
the market-maker node using the FreePastry routing
process, which then performs the reverse auctions
using the first-come-first-serve policy and computes
the payments using the functions in Equation 4 and
Equation 4, respectively.

5.1. Economic and Computational Efficiency

Economic efficiency is a global measure and rep-
resents the total welfare for both buyers and sellers.
More specifically, there are two factors that affect the
economic efficiency: i) average user welfare; and ii)
number of successful requests (%succ), for buyers, and
number of allocated resources (%alloc), for sellers.

Computational efficiency is a major design criteria
in the allocation of shared resources. Optimal mech-
anisms such as combinatorial auctions [14] are not
feasible since the winner determination algorithm is
NP-complete. On the other hand, fixed pricing has the
advantage of eliminating the time incurred by payment
computation. To determine the time cost of the algo-
rithm used by the proposed mechanism, we perform a
theoretical analysis of the runtime complexity for the
winner determination and the buyer and seller payment
functions, and validate the theoretical analysis with
experimental results.

Pricing Total

Mechaniem Users Welfare Runtime | %succ | %alloc
20 2470 9.6m 44.5 44.8

combinatorial 40 6321 2.5h 52.5 57.2
80 14384 67.4h 54.2 64.0
20 1871 Is 36.3 32.5

proposed 40 5438 3s 48.5 55.3
80 11561 Ss 52.8 68.0

Table 1: Comparison with Combinatorial Auctions

Table 1 shows a comparison between the efficiency
of combinatorial auctions and the proposed pricing
mechanism using jCase. Our results show that the
proposed scheme is close to the optimal economic
efficiency, while achieving a feasible runtime.

5.2. Dynamic Pricing

To evaluate the impact of dynamic pricing, we
compare the percentage of successful buyer requests,
the percentage of allocated seller resources and the
average buyer welfare with fixed pricing. Our results
presented in Table 2 show that in different market
conditions, dynamic pricing obtains better allocation
results which result in increased economic efficiency.

Metric Market Pricing Scheme
Condition Fixed | Dynamic
Under-demand 474 86.3
% succ. requests Balanced 47.1 62.9
Over-demand 474 41.5
Under-demand 23.4 44.1
% alloc. resources Balanced 46.5 62.5
Over-demand 93.1 74.2
Under-demand 4.7 9.4
avg. buyer welfare | Balanced 4.7 6.3
Over-demand 4.7 4.8

Table 2: Comparison with Fixed Pricing
5.3. Scalability

The proposed pricing mechanism can allocate re-
sources for buyer requests containing more than one
resource types (multiple resource type allocations),
while achieving incentive-compatibility and budget-
balance. However, one of the limitations of the auction
model is the requirement for a centralized market-
maker, which prevents scalability. We refer to vertical




scalability when increasing the number of resource
types, and horizontal scalability when increasing the
number of users. We propose a distributed auction
model built on a DHT overlay network, where any peer
can play the role of a market maker. In this context,
we analyze the vertical and horizontal scalability both
theoretical and experimental.

5
—— Centralized (PlanetLab)
- - - Distributed (PlanetLab)
--—*--- Distributed (Simulator)
4 |- 4

Average allocation time (s)

Number of resource types

Figure 4: Scalability of the Distributed Scheme

Our simulation results show that the distributed
implementation is feasible in large-scale systems. Fig-
ure 4 shows the vertical scalability of the distributed
scheme by comparing the average allocation time with
the centralized implementation.

6. Conclusions and Future Work

In this paper we present a strategy-proof resource

allocation mechanism for pricing and allocation of
shared resources. To address the needs of dynamic
large systems, we propose a distributed market frame-
work built on top of a peer-to-peer overlay. Our pricing
mechanism for resource allocations of requests with
multiple resource types: i) provides incentives for ra-
tional users; ii) achieves budget-balance; iii) is compu-
tationally efficient and iv) is vertically and horizontally
scalable. In summary, the main contributions of our
work are:
o Efficient allocation of multiple resource types. Op-
timal allocation algorithms are often infeasible to im-
plement, and resource providers have chosen either to
use fixed pricing and negociations, or to create separate
markets for different resource types. We propose a
computational efficient pricing mechanism and study
the benefits of using dynamic pricing in a large market
where a user request contains multiple resource types.
e Formal approach to market-based resource allo-
cation. We express the problem of allocating shared
resources in federated systems as a mechanism design
optimization problem and formally analyze the eco-
nomic properties achieved by our resource allocation
mechanism.

e A scalable distributed market framework. Centralized
mechanisms have proved impractical in large dis-
tributed systems. Our framework built on top of a peer-
to-peer overlay efficiently divides resource information
in a distributed market. This allows vertical scalability,
i.e. when increasing the number of resource types in a
request, and horizontal scalability, i.e. when increasing
the number of users in the system.

For future work, we focus on: further analysis of
the distributed pricing mechanism efficiency under
different workload conditions including high request
churn rates; a detailed evaluation of the economic
efficiency trade-off of the proposed mechanism; and
the study the strategic properties of the distributed
resource location mechanism.
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