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Abstract

Distributed operating systems provide users with transparent access to network-
wide resources. As changes occur to network resources or as user locations and
preferences evolve, the system must be able to adapt by reallocating, replicating,
or moving its resources. We explore a market-based approach to resource allocation
in such environments, and describe initial experiments in designing and building
computational markets for distributed operating system resources. We focus on the
problem of redistributing network file allocations for a mobile user population in
order to improve locality and accessibility.
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1 Introduction

As computing becomes more ubiquitous, distributed operating systems must
deal with a user population that is increasingly distributed and mobile. Hiding
the complexity of such a computing environment from the user requires the
operating system to support more location transparent, adaptable and self-
tuning services [3].

In this paper, we examine a market-based approach to allocating network-wide
files to a mobile user population based on locality and accessibility. Since a
market price system is essentially solving a distributed optimization problem
for multiple resource allocation, it provides a natural framework for addressing
resource allocation in a distributed computing framework. Through markets,
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local information about user preferences and resource scarcity are summarized
and communicated globally in the form of prices. This information is valuable
not only to agents for evaluating tradeoffs between resources, but also useful
to the operating system from a more global perspective for self-tuning.

Our eventual goal is the development of computational market systems for
allocating resources within distributed operating systems. A computational
market system is an infrastructure that implements a computational economy.
Economic systems, whether computational or not, are composed from a set
of mechanisms and institutions for decision making as well as laws, rules,
and overall organizational policy governing their implementation [11,17]. A
computational market system must deploy, monitor, and adapt computational
markets and institutions on an as-needed basis and in accordance with system
policy. Developing computational market systems for the distributed operating
systems realm has many promising applications, but also many challenges. In
this paper, we content ourselves with a few exploratory case studies focusing
on the potential value and uses of such systems.

1.1 Problem Description

Computer users are becoming increasingly mobile. So-called road-warriors
travel to remote sites for hours, days, or months at a time. Workers are trans-
ferred to new departments, contractors relocate for temporary projects, and
telecommuting from home is becoming increasingly common. With wireless
connectivity, both users and network nodes can change location dynamically,
thus changing the network topology itself.

As users relocate to different points in a distributed network, file access la-
tency to centrally stored resources such as electronic mail and other intranet
databases will vary from one location to another depending on network condi-
tions and configuration. Most current network file management protocols and
applications do not support migration of files based on user locality. Location
may be keyed to a person’s permanent office or PC location, or may be based
on the location at time of setup. As users move to different locations on the
local- or wide-area network, service times can vary drastically.

In this paper we examine the case of a set of mobile users accessing a set of
geographically disperse network file servers. Users are allocated file space on
one or more of the file servers. As users migrate across the system, their access
latency will change depending on network configuration. In these experiments,
mobile users have preferences over file access latency versus amount of file
storage space. Users with a low tolerance for delay will generally be willing
to trade off disk space for faster access. Users also have similar preferences



based on the types of tasks requiring these files. Thus for archived files, access
latency may not be important, while for email files it is somewhat important,
and for frequently used files, very important.

1.2  Related Work

There is an increasing interest in the use of markets for allocating network
resources, as exemplified by the volume of material on sites providing collec-
tions of papers and projects on information and network economics [7,18,31].
While these approaches share an interest in using economic mechanisms for
allocating resources, they vary widely otherwise. We consider two features,
among many, to generally classify our approach.

One distinguishing feature is the resource allocation problem being addressed.
Is there a single resource to allocate or are there multiple interrelated re-
sources? Many market or market-like mechanisms for allocating computational
resources of various kinds in a distributed computing environment [12,8,33,14]
are centered about a global model for the resource, from which each agent or
module calculates the marginal value of resource for itself. By using this value
for bidding, the market allocates goods efficiently according to marginal value.
More recent work on bandwidth allocation for various network or multimedia
quality-of-service (QoS) requirements considers different kinds of pricing poli-
cies and problems involving dynamic resource allocation [20,29,25].

In contrast to these applications, a distributed operating system environment
is concerned with finding an allocation for multiple interrelated resources.
In other words, each agent is potentially interested in combinations or bun-
dles of goods (resources, services), rather than a single type. General equi-
librium theory provides a formal model for allocation of multiple interrelated
resources under classical conditions such as gross substitutability, continuous
goods, and complete markets. Market-oriented programming [35] implements
a distributed computational economy as an instance of a general equilibrium
system, and finds its competitive equilibrium. Our approach in these experi-
ments derives from market-oriented programming. Since there are restrictive
conditions on general equilibrium convergence, as well as associated time de-
lays required for convergence, these systems generally need modification when
applied to more real-time, dynamic, and discrete applications [16,5,34]. Multi-
object auctions can also be used for the simultaneous sale of many resources,
such as the one used by the FCC [22]. Combinatorial auctions allow bidders
to bid on combinations of resources, but establishing auction properties and
making them computationally-tractable is an area of current research [27,37.1].



A second distinguishing feature of market-based approaches is the design prob-
lem being addressed. Is the focus on a single system component, such as auc-
tions [32], or is the focus on the overall system architecture and support-
ing middleware [15,24]? When designing a component, mechanism design and
game theory [4,26] provide useful formal tools. However, as systems scale up,
and the available resources or services within the system change over time,
the ability to support an extensible and flexible set of mechanisms through a
computational market system becomes increasingly important. Other types of
computational and information networks where this kind of infrastructural, or
middleware, approach have been used include digital libraries [2,9], business
process management [13], and distributed databases [30].

1.3 Performance criteria

Generally, operating system performance is measured in terms of network
efficiency, which involves achieving target levels of service for all users or
minimizing required resources. Since users often have diverse and conflicting
performance criteria, it can be difficult to define a meaningful system wide
performance goal in terms of network efficiency. Using market-based methods,
we can allocate disk space based both on user preferences as well as current
system constraints—optimizing economic[19], rather than network, efficiency.
By incorporating end-user preferences, users may get higher perceived value
or utility as a result of a system’s awareness of individual application needs.

Incorporation of user and application-specific preferences has useful implica-
tions for system design. It means that the system can reallocate resources
flexibily and dynamically in response to a diverse and potentially changing
user population. For example, if one user prefers having more disk space even
if it means having slower access latency, while another user prefers faster ac-
cess latency even if it means having less disk space, it will be hard to find
a system-wide performance criteria that satisfies both users. Instead, if we
allow the first user to acquire more of the large remote disk space while the
second user acquires more of the scarce local disk space, both users may be
more satisfied than if we forced them to split the remote and local disk space
evenly.

While our initial experiments are based on allocating only two basic resources,
the economic framework is intended for allocating multiple interrelated re-
sources and extends to adding other operating system resources, such as sig-
nal or graphics processing, or to offering resources under different qualities
of service. In such a diverse environment, finding a system-wide performance
criteria based on network efficiency becomes even less tenable.



1.4 Fzxperiment Summary

In Sections 3, 4, and 5.1, we discuss our experiments in network file allocation
for mobile users and show qualitative results that arise from different economic
design models and assumptions. Below is a summary of the experiments listed
according to the design criteria being considered.

o Support diversity of users and tasks:
In Section 3.1, 3.2, and 3.3, we consider how different parameters such as
utility parameters and initial endowments can effect the final allocation.
These potentially provide the operating system, or system manager, with
tunable parameters for different kinds of policy-level decisions. For example,
by changing the initial endowments, the operating system manager can
provide some users with a greater share of system resources than others.
However, evaluating the tradeoff among resources still rests with the user.

o Adaptability:
In Section 3.4, we consider how price can be used by the operating system to
suggest when to replicate resources. By modeling the replication technology,
the system can reason about how much should be acquired. In Section 4.1,
we consider how the user population’s utility parameters effect the gain users
get from dynamic reallocation. This kind of information could potentially be
used to provide the system with feedback on how often it should reallocate
resources.

o Market vs. non-market dynamic reallocation:
In Section 4.2, we compare dynamic market reallocation of disk space with
that of a non-market heuristic reallocation rule. Given a static and known
user population, a simple heuristic rule can achieve the same optimal allo-
cation as the market, without the overhead involved in running the market.
However, when the population changes, the market mechanism still finds
the optimal allocation while the heuristic rule does not—suggesting that
the market approach has the potential to be more flexible and adaptable.

o Scalability:
In Section 5.1, we consider the use of brokers, or information consolidators,
which can both simplify the economic setup and reduce the market overhead
as the number of resources and/or agents in the system are increased.

In the next section, we describe the computational economy configuration used
in our experiments.



2 Designing the Mobile User Economy

To model the mobile user file allocation problem as a computational economy,
we must first make explicit both the goods to be exchanged and the partic-
ipating agents. We also need to specify the market mechanisms, or auctions.
Below we describe these various steps in designing the mobile user economy.

2.1 Resources

Computational resources are the goods of a computational economy. Defining
the available goods effectively circumscribes the design space. Our first task
in designing any economy is determining what resources, or goods, will be
produced and consumed.

In the mobile user economy, the resources are the available disk space across
the network. To determine what system resources are available, we first need
to establish the layout of the underlying network topology. In our case, we
defined a simplified distributed network configuration based on the one shown
in Figure 1. In Figure 1, the network configuration has three servers, each
with local disk space. Co-located with each server are multiple clients. These
clients have access to the entire network, but only through their local server.
We refer to this combination of server, clients, and disk space as a site.
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Fig. 1. A simple network configuration

The bottom of Figure 1 shows the abstract network connections for this con-
figuration. The loop from each site to itself represents the fact that any client
at a site can access the disk at that site via the local area network. The num-



bers on each link in the network represent the average access latency across
that link.

For our experiments, we used the ten site network shown in Figure 2. Each
link between sites has an average latency of 2 sec/Mbyte, while each site’s
local network has an average latency of 1 sec/Mbyte. Thus, latencies between
sites are twice the latency within a site.
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Fig. 2. Network configuration for experiments

Since disk location correlates to file access speed, users need to be able to dis-
tinguish between different disk locations. In the mobile user economy, we define
disk space on the different sites to be separate goods (e.g., diskspace@site0 or
diskspace@site9). In Section 5.1, we discuss how this model could be modified
so that users could define their preferences in terms of disk space and access
latency only.

Another important characteristic is time—most resources are actually goods
over some time period. Thus the amount of disk-space must be quantified by
saying over what time period it is available for—is it per hour, per day, per
year? However, if the entire model operates over the same time period, it may
not be necessary to explicitly put in the time period. In our case, we assume
that all disk space is sold on a per-day time period.

A related question, which impacts on the choice of market mechanisms and the
quality of the allocations, is whether the goods are continuous or discrete. In
other words, can disk space be sold as 1.234 Mbytes or is it only available in 1
Mbyte blocks? Classical general equilibrium systems, mentioned in Section 1.2,
assume that goods are continuous. With discrete goods, pareto optimality or
even equilibrium is no longer guaranteed. Therefore, to simplify our economic
setup for these initial case studies, we choose to consider all our resources as
being continuous.



2.2 Agents: Producers and Consumers

2.2.1 Producers

Producer agents are associated with a technology, which specifies an ability
to transform some goods into other goods. The sole objective of producers is
to choose an activity within their technology so as to maximize profits. Since
we are assuming a competitive economy, where agents act as price-takers, this
amounts to supplying their goods at marginal cost.

We investigated two different types of producers, fixed capacity and variable
capacity, depending on the kind of transformations we wanted to model. The
fixed capacity disk storage producer has a fixed amount of disk storage space
to sell. For this technology, we assume there are no incremental costs associ-
ated with heavier disk usage, so the producer marginal cost is $0. Under this
assumption, if there is more disk space available than consumers need, they
will be charged $0. It is only when disk space is scarce relative to consumer
needs that the consumers will have to pay anything. This cost reflects the
opportunity cost involved in using that disk space for one consumer’s work
over another’s.

The variable capacity producer actually produces disk space with decreas-
ing returns to scale technology. That is, the cost of incremental disk space is
higher than that of existing capacity. This production technology reflects not
only the cost to the system of buying new disk space but also the congestion
associated with increased disk space. However, our main point was not captur-
ing this system cost accurately, but showing how to use this configuration to
ask hypothetical questions about when and where to provide additional disk
space.

2.2.2 (Consumers

Consumer agents are endowed with an initial quantity of goods or money and
engage in trades so as to maximize their utility subject to their budget con-
straint. Consumers in this model represent the end-users of the distributed
operating system. Consumers’ behavior depends on both their utility func-
tions and on their initial endowments. For example, given the same endow-
ment, each user may consume different resources depending on its personal
preferences. Additionally, the same user may choose different resources given
different endowments or prices. By changing initial endowments, users can be
given larger or smaller shares in the system wealth. Users” endowments can
be in the form of some kind of system (or real) currency or might consist
of owning computational resources, such as disk space or CPU on their own
computer, and selling them to buy other resources.



For our experiments, a given user at a site is potentially interested in network-
wide disk space given its access latency, and current prices for disk space. We
considered three types of users, or disk-space consumers. The first type uses
files requiring rapid-access and has twice the income of the other two con-
sumers. This user might represent a technical user who requires more com-
puting power. The second user type also uses rapid-access files, but with a
lower income. We intended the lower income to reflect a lower system priority
for this user. The third type values file space for archiving files over rapid-
access, and also has a lower income than the first type. We assumed that
users were willing to spread their storage allocations across different disks (or
more realistically, that the system could support this kind of file distribution).

The user’s utility function determines how the user makes the tradeoff be-
tween disk space at the different sites. For these experiments, we used a CES
(constant elasticity of substitution) utility function, defined as follows:
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This utility function defines the substitutability of disk space at various sites
and weights them according to their access latency. The w4 refers to the
quantity of disk space acquired at site i.

There are two tunable parameters, o and p. The coefficients oy, weight the
consumer’s preference for disk space from each site i. To weight faster access
disk space more, we set ag, to be a function of the access latency from site
i, namely 1/access_latency'®. The weighting factor 10 was simply chosen to
highlight the differences in demands between rapid-access and archival users.
The p parameter indicates the substitutability between disk space at from dif-
ferent sites. Obviously, disk space at one site can always be substituted for disk
space at another connected site. Exactly how substitutable depends on both
consumer preference and type of file access. Thus an archived file’s location
is quite substitutable. However, for rapid-access files, location becomes more
important and disk space is less substitutable. We modeled this behavior by
choosing p = 0.99 for consumer archiving and p = 0.01 for rapid-access (where
p = 1 is perfect substitutability and p < 0 for complementary goods).

2.3  Auctions and Market Infrastructure

One of our aims was to provide a testbed environment to explore the effect
of different kinds of auctions, agents and market configurations on resource
allocation within a distributed operating system environment. To this end,



auctions were built as processes within a prototype distributed operating sys-
tem. Building auctions within the simulator environment enables future work
on markets that make use of system data, on measuring market overhead and
performance, and on comparing market with non-market systems using real
system traces.

Auctions are simply a set of rules for determining a price and/or alloca-
tion based on a bidding protocol [21] and provide a very flexible market
framework—different auction types can have a large effect on the resultant
resource allocation properties. Information about the different auction rules
and protocols can be captured in a compact, reusable manner through the
use of parameterized auction components [23,38], where auction parameters
can be tuned to reflect the type of good being sold, timing requirements or
mechanism properties desired. For example, disk space might be sold differ-
ently depending on how it is bundled (e.g., per-hour, per-day), characteristics
(size, reliability), or to whom it is sold (individual, project). Some auction pa-
rameters include auction clearing rate (e.g., once a day, every 5 minutes, with
each new bid), price setting rules (e.g., first price, second price, zero excess
demand), and whether the resources are divisible or not.

Making these parameters explicit, along with formalizing the bidding interac-
tion protocol, provides a basis for simplifying and automating both the auction
creation and agent interaction process. It also provides a basis for reasoning
about what kinds of auctions to create for different types of goods and/or de-
sired allocation properties. As operating system conditions change, the system
itself can apply this knowledge, changing auction parameters appropriately.

For example, for a single auction there is a tradeoff between the market clear-
ing rate and the allocative efficiency of the result. An efficient allocation oc-
curs when all bids have arrived and the auction sets the price where supply
equals demand. However, agents may face a long delay until the resource gets
allocated—for some kinds of resources this may not be important, while for
others it may be critical. On the other hand, in a continuous double auc-
tion [10], bids clear as soon as a match is found. Agents face minimal delay
but potentially non-efficient allocations. Intermediate market clearing rates
provide different tradeoff points between agent non-delay vs. allocation effi-
ciency. As the number of bidders increases or decreases at the auction, these
tradeoff points will change. The operating system may want to adjust the
auction clearing rates accordingly.

We designed the computational economy based on the market-oriented pro-
gramming approach mentioned in Section 1.2. All resources are sold with con-
tinuous units, agents behave competitively (i.e., as price-takers), and auctions
set prices at zero-excess demand (i.e., supply equals demand). Each auction
clears whenever a new bid arrives and the system runs until it reaches equilib-
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rium prices—the set of prices under which supply and demand are balanced
for all the resources. Although running auctions until they reach equilibrium
would not be realistic for many real-time resource allocation situations, we
assumed that disk space was allocated on a per day basis so that market
overhead was not an issue.

The next section describes our original market configuration, which was used
in the different experimental setups in Sections 3 and 4.

2.4 Mobile User Economy Configuration

Figure 3 shows the mobile user economy configuration for the experiments
in Sections 3 and 4. For simplicity, only the producers, consumers, and auc-
tions for the first three sites are shown. A producer at site ¢ can sell its disk
space through its respective auction for disk space at site i. Consumers at any
network site can bid on this disk space. The arrows represent the eventual
flow of goods from producers to consumers, where auctions set the price and
allocations for agents.

Auction for Disk Producer
/| DiskSpace(@Site @Site0

Auction for Disk Producer
DiskSpace@Sitel @sSitel

Auction for Disk Producer
DiskSpace(@ Site2 (@Site2

Fig. 3. Mobile user economy configuration

In the first set of scenarios in Section 3, the disk producer agents at all sites
are fixed capacity producers. They own their local disk with 1000 Mbytes of
space which they sell/rent each day. Since the producer’s marginal cost is $0,
it has an inelastic supply bid—it will sell any amount of disk space, up to 1000
Mbytes, for $0 (or more) dollars per Mbyte per day. In the last scenario, we
use variable capacity disk producers to explore a hypothetical question about
how much disk space should be provided at different locations.
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3 Experiments with a Diverse User Population

In these experiments, different user types tradeoff speed of file access for
amount of disk space—the actual tradeoff depending on their task and/or
personal preferences. There are three different types: high-income rapid-access
users, low-income rapid-access users, and low income archive users. There are
a total of thirty users (ten of each of the three types) located across the ten
network sites described in Section 2.1. For each scenario, we move the users
and then discuss the resulting reallocation.

3.1 Scenario 1: all users reside at site ()

Low Income Archive

Low Income Rapid Accrss
B High Income Rapid Acce

Fig. 4. Disk space allocation when all users are at Site 0

Initially all users start out at the same site, site 0. The final disk space allo-
cations are shown in Figure 4. The amount of disk space allocated for each
type of user is shown as a proportion of the total disk space at each site.
Rapid access users buy almost no disk space on the most remote sites (sites
2, 3,5, 6,8, and 9) which have the largest latencies, and a small amount at
sites 1, 4, 7, which have slightly lower latencies. Thus, the resulting allocation
has rapid-access users with disk space on the nearer sites (amount depending
on income), while archival users dominate the more remote sites. Since the
archival users are willing to tolerate slower access rates than the rapid-access
users, they are able to acquire more disk space.
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Fig. 5. Disk space prices when all users are at Site 0

Figure 5 shows the corresponding price per Mbyte/day for disk space at each
site. The price of disk space at site 0 is about 30 times that at the other
sites—rapid access users drive the price of disk space at site 0 up until archival
users would rather buy disk space at the remote sites. Sites 1, 4, and 7 have
marginally higher prices than the remaining sites since rapid access users do
buy a small amount of disk space there. The congested resource is easy to spot
in Figure 5.

3.2 Scenario 2: Uniform user distribution

Low Income Archive
Low Income Rapid Accrss
L Hih Income Fl:.aplﬂ B 5]

Fig. 6. Disk space allocation when users are uniformly distributed

In this scenario, the users have moved so as to be evenly distributed across
the ten sites. Since demand is spread evenly between disks, it’s not surprising
that all prices end up being the same, namely $0.04. Given the same price,
all consumers prefer local storage space to remote storage space. Thus, the
amount of disk space acquired is directly proportional to income so that high-
income users get twice the disk space of either of the other two user types, as
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shown in Figure 6.

3.3 Scenario 3: high-income rapid-access users concentrated

Instead of a uniform distribution, suppose all of the high-income rapid-access
users (e.g., technical staff) are concentrated on one sub-net of the network,
say sites 2 and 3. The other two types are distributed across the remaining
leaf sites—low-income rapid-access users at sites 5 and 8, low-income archival
users at sites 6 and 9. Figure 7 shows rapid-access users acquiring disk space at
their local sites, while archival users spread themselves among the remaining
sites.

Low Income Aschive
Low Income Rapid Accrss
L I'Hih Incame Rapid Sede s

Fig. 7. Disk space allocation with high-income rapid-access users at Sites 2 and 3

In Figure 8, high prices at sites 2 and 3 reflect the high demand and willingness
to pay for disk space there imposed by such a distribution. Smaller price
peaks, at sites 5 and 8 represent the demand for disk space at those sites
from low-income rapid-access users. In the next section, we consider how this
information might be used as a basis for deciding if and how much disk space
to acquire at those two sites.

3.4  Scenario 4: variable capacity producer

In scenario 3, the high prices at sites 2 and 3 reflect a high willingness to pay

14
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Fig. 8. Disk space prices with high-income rapid-access users at Sites 2 and 3

for disk space at those sites. A self-tuning operating system might observe the
high price and consider whether to recommend acquiring more disk space at a
particular location, and if so, how much. Suppose that, instead of a fixed disk
size, disk space could be incrementally produced (or bought).

To explore this situation, we changed the disk producer’s technology from a
fixed capacity, zero-marginal-cost technology to a variable capacity, decreasing
returns to scale technology. In particular, we used a quadratic-cost technology
for the disk space producer at sites 2 and 3. Although the quadratic cost func-
tion is not particularly realistic, it is a representative and easily illustrated
decreasing returns to scale technology. The quadratic-cost disk producer ac-
cepts money as input and produces disk space where the cost of producing
more disk space goes up quadratically. The producer still supplies disk space
according to its marginal cost, however its marginal cost is no longer zero.
Implicit in this production technology is the additional cost required to keep
access times the same across the network, in spite of having more more disk
space available and therefore more file accesses.

hidi]
= T4 -+
m
3 17ma 4
& 1 A e—r s TR R T Lew NgoamE Arghive
E B -} i} it ' I8 it O Liaw Faass Raghd fg44
W | 11 BT W High Inzierea Fapd Aedais
-

P | |0 .
o | 7 3 & § 5 7 'l 7

BRes

Fig. 9. Disk space allocation with variable capacity producers at Sites 2 and 3

Since we were not modeling any real costs or technology here, we calibrated
the parameters of the production function so that a variable capacity producer
could supply 1000 MBytes for half the price of disk space at sites 2 and 3 in
scenario 3. Although this choice is somewhat arbitrary, the general idea is to
consider what happens when the marginal cost of producing more disk space at
sites 2 and 3 is cheaper than its current price. Comparing the final allocations
in Figure 9 to those in scenario 3, we see that sites 2 and 3 (location of the
high income, rapid-access consumers) now support 1400 MBytes of disk at
these sites, while the other allocations remain essentially the same.
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Fig. 10. Disk space prices for Scenario 3 and Scenario 4 compared

Figure 10 compares the final prices, given the increased disk space, to the
original prices in scenario 3. The prices for disk space at sites 2 and 3 have
been reduced; users are no longer willing to pay more for this disk space than
the incremental cost of acquiring new disk space. This scenario suggests how
price information could potentially be used as the basis for acquiring new disk
space and/or determining where more disk space should be located.

4 Mobility Experiments

Having explored the effects of having diverse types of mobile users in the
previous section, we now look at the effects of mobility alone on the users’
welfare. First, we show how users’ substitutability affects the gain they receive
from a dynamic reallocation and how the system might use this information.
Second, we compare the market reallocation mechanism with both the original
static allocation and a dynamic reallocation rule.

4.1 How substitutability affects reallocation value

To eliminate the diversity aspect, we used 100 users all with the same en-
dowments and same p and as. Initially users were distributed evenly across
the network, each with a static allocation of 100 Mbytes of local disk space.
Next, we randomly moved some percentage of the population to a random
location within the network and ran the economy to get a new set of disk
space allocations. We then measured the utility gain or loss for each agent
between its current utility and the utility of its original static allocation. This
utility gain measures the benefits of pricing over fixed static allocation. Since
individual values utility gains or losses varied, we measured average utility
gain per user. We found the benefits of flexible pricing are proportional to the
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overall mobility of the population, as might be expected. However, the other
major determinant of net gain is the degree of substitutability of resources in
the economy.
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Fig. 11. Average Utility Gain vs. Substitutability for a mobile user.

In Figure 11, we consider how p—that is, how substitutable the users con-
sider system resources—effects the utility gain. On the x-axis, larger p values
correspond to more substitutable goods. This graph shows the effects when
fifty percent of the population moves, however the results for other mobility
percentages have a similar curves. We see that users with less substitutabil-
ity get larger utility from reallocating disk space dynamically. This kind of
information might be used to gauge how often system resources need to be
reallocated—presumably when mobility is less and resources are more substi-
tutable, the system might want to reallocate resources more infrequently than
when mobility is high and goods less substitutable.

4.2 Comparing reallocation mechanisms

While on average mobile users experienced a utility gain with the market
reallocation of disk space above, this presumably could be demonstrated with
any reasonable dynamic reallocation mechanism. In this section, we compare
market reallocation to a non-market dynamic reallocation rule which caters
to rapid-access users.

We assume that the network configuration has users only at the leaf sites (i.e.,
sites 2, 3, 5, 6, 7 and 8). Our non-market dynamic reallocation rule assigns
disk space evenly based on the following locality constraints. First, disk space
on a leaf site is distributed among users at that site. Second, disk space on
an internal site is distributed among users below it in the network tree. Thus,
disk space at site 1 is distributed evenly among users at sites 2 and 3, while
disk space at site 0 is distributed evenly among users at all the leaf sites.

17



Users were initially distributed uniformly among the leaf sites (96 users, 16 per
site) and then a percentage of the population was moved randomly to another
leaf site. This rule performs as well as the market rule when all the users are
rapid-access users, and without the overhead incurred by using the market
mechanism. Both, not surprisingly, outperform the original static allocation.

However, when the user population consists of half rapid-access users and
half archival users, the market reallocation has higher utility gains than the
non-market one. In Figure 12, we show the results when the user population
is split evenly between rapid-access and archival users. Initially, users were
distributed evenly among the leaf sites. We then randomly moved different
percentages of the user population and compared the market and non-market
reallocations.
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Fig. 12. Dynamic reallocation: market vs. non-market

As the users move, the average utility achieved with no reallocation is used as
the baseline, and considered as having zero utility gain in Figure 12. Average
utility gains for the two dynamic reallocation methods are always measured
relative to those of the static allocation. We do not currently know if the
non-linearity around fifty percent mobile has any significance, or is just an ar-
tifact of the particular network configuration or user population distribution.
Elsewhere the benefits of both market and non-market reallocations are lin-
ear with respect to the mobility of the population. However, the non-market
reallocation does noticeably worse than the market one with a more diverse
population than the one it was designed for.

We recognize that this is a very simple non-market reallocation rule and more
sophisticated, adaptive rules could conceivably give better results. However,
while a market allocation is not necessarily going to be better than a non-
market one for a fixed scenario, we would argue that it is much more flexible
and scalable—because it incorporates user preferences in a principled way,
the benefit of the economic solution is its ability to dynamically respond to
changes in the user population. Presumably the more dynamic and large scale
the environment, the harder it will be to find a good adaptive reallocation rule.

18



A natural extension of this work is to compare currently used reallocation
mechanisms to market ones, not only the allocative efficiency but also how
much overhead each approach adds. All of these issues (and more) remain
open for future investigations.

5 Market Design Considerations

5.1  Scalability: brokers

Although the economic model in the previous sections displays reasonable
qualitative behavior, it has two disadvantages. First, every consumer has to
interact with every auction. Second, every consumer has to know about the
access latency between their local site and all others in the network. Both of
these factors make it hard to scale up the design for large-scale networks. In
this section, we consider how the use of brokers helps consolidate some of the
access latency information requirements and also hide the complexity of the
system from the users.

Auction for
DiskSpace
@Site0

Alfct]on for Disk Producer
DiskSpace @Sitel
@Sitel

Disk Producer
@Sitel

Auction for
DiskSpace
@Site2

Disk Producer
@Site2

Fig. 13. Mobile User Economy with brokers mediating information flow for auctions.

Brokers, as shown in Figure 13, reduce the network monitoring costs of gather-
ing information about average access latency by each individual agent. Having
a broker gather this information once per site reduces system overhead and
application complexity. Suppose that there are n, agents and n; sites, and as-
suming that it costs 2 messages to actively measure network latencies to any
site, then it will cost 2nsn, messages for all the agents to individually acquire
this information. However, assuming the typical case where n, > ng, then by
using brokers it will only cost 2n? messages. In the worst case, where ng > n,,
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it will never cost more than not having brokers, since brokers will only exist
on sites with agents. Brokers might also passively monitor and measure the
latency of bidding or other traffic, potentially reducing the extra network traf-
fic to zero. Another transaction cost improvement includes consolidating bids
from a given site to both reduce network traffic and cut down on auction pro-
cessing time (since it only has to handle one bid instead of n). Finally, auctions
themselves could be optimized for particular utility or bidding forms [39].

Brokers can also help reduce agent decision complexity costs. Since many ap-
plications will tend to have stereotypical values, a broker can provide different
quality of service mappings [28] per application. For example, if email is classi-
fied as a rapid-access application, then its p parameter could be automatically
set to 0.01 unless overridden.

Finally, application and system constraints regarding minimum disk space size
can be monitored and enforced by the broker. The broker may also be designed
to provide additional value-added processing by using historical information
about access latency or predictive rates. Designing the broker in this manner
doesn’t effect the final resource allocation of the system. However, modular-
izing the network-aware software into the broker can reduce transaction and
agent decision costs, as well as provide enforcement of system policies or other
value-added local information services.

5.2 Iuture Work

5.2.1 Simplify agent good space

If the economy was extended to consider network transportation as an explicit
good, then brokers could be used to simplity the user’s decision about where
to acquire disk space. Instead of users having to specify their preferences for
storage at every disk site, brokers would allow them to define their preferences
in terms of access latency and disk space only. We describe below how a broker
could replicates a user’s utility function once per available disk and combines
them using application-specific or system-specific utility parameters into a
new nested utility function. For example, let’s define the user’s utility function
between disk space, x5, and access latency, x4, as U(xgs, Tar)

Assuming the broker determines the application-specific CES parameters to
be « and ~, and there are available disks at sites A and B, then the broker’s
utility function is

1—v
U(2dsa, Taia, Tisp, Taip) = (OédsA Ugsa(Tasa, Tara)”
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where Uysa and Uysp are copies of the user’s original utility function.

From this composite function, one can analytically derive the appropriate four
demand functions for xgs4, Taia, 458, and x,p. However, the users only need
to know their own preferences between disk space and latency. Additionally,
once network transportation is priced, a natural extension would be for brokers
to own the network links and then provide admission control [36].

5.2.2  Transacting out of equilibrium

Another assumption made in these experiments was that disk space was al-
located statically once a day, after all the markets had converged to an equi-
librium, as opposed to dynamically, as needed. If we relax this assumption, a
continuous double auction would allow the agents to buy disk space immedi-
ately. Of course, agents buying disk space earlier may end up paying less than
agents who buy later. Also, there may be some agents willing to pay more for
disk space than agents currently using it, who would be rejected—clearly not
pareto efficient. If instead, we use a second price auction, all files will priced
at the highest amount of the denied files, as in the internet smart market
approach [20]. Files would get bumped by higher paying, and therefore higher
valued files, and have to relocate to more inexpensive disk space. Although
this policy is optimal for a single disk space auction, we have not seriously
addressed the implications for multiple disk space auctions.

6 Conclusion

In this paper we have formulated a market economy for distributed file allo-
cation for mobile users. Results show that a market based solution based on
a notion of economic, rather than network, efficiency can result in solutions
that increase overall welfare of users when compared to fixed allocations. These
mechanisms are flexible with respect to user mobility and diversity—as users
move, or user populations change, prices adjust so that consumers demand
just the amount of disk space available in accordance with their utilities.

Adjusting endowments provides additional control of the distributed file sys-
tem. In the case of the high and low income rapid-access users, we used initial
endowments to provide a means of adjusting priorities across users. One can
imagine endowments being determined externally, as part of the consumers
overall optimization for file allocation versus all other goods. This scheme
could form the basis of file allocation scheme based on willingness-to-pay.
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We also examined how the introduction of variable capacity producers of disk
space makes it possible to reason about acquiring or migrating disk space in re-
sponse to mobile demands. Finally, we examined a number of issues related to
market design. Use of brokers reduces communication overhead by not requir-
ing individual users to have knowledge of network latencies and disk locations,
however there may be some loss in flexibility in terms of price stability and
efficiency of allocations.

Extending this framework to deal with a real-world distributed operating sys-
tem environment requires relaxing many of the simplifying assumptions made,
such as requiring continuous goods or transacting only upon equilibrium. We
would like to pursue some of these issues as well as extend the simulation envi-
ronment by adding resources (including resources with quality of service) and
using a more complex network topology. Although the results presented here
provide some indication of the applicability of auction-based market mecha-
nisms to distributed file system operations, additional analysis is needed to
determine the scalability of the approach and to quantify the benefits relative
to both standard fixed allocation and dynamic reallocation approaches.
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