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Abstract
“Eliciting Honest Behavior on Computational Grids”

Andrew Mutz

During the last decade, a computing paradigm known as “grid” computing has
seen a surge in research activity. Drawing inspiration from the electrical power
grid, this paradigm is an approach to high-performance computing that seeks to
serve a large number of users from multiple, geographically distinct computing
centers. As grids exist today, users are competing for overcommitted resources.
Without a well-designed mechanism to mediate the competing interests of users,
the outcome can be chaotic and inefficient. Additionally, scheduling decisions
are made based on user-submitted metadata, data that can be manipulated to
increase a user’s share of resources.

This dissertation explores the efficacy of auction-based schedulers as a means
for mediating these competing interests. In particular, the use of auctions to
incentivize honest disclosure of job metadata is investigated. We investigate this

problem in the context of best-effort batch queues and reservation systems.
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Chapter 1

Introduction

It is necessary for him who lays out a state and arranges laws for it to
presuppose that all men are evil and that they will always act according
to the wickedness of their spirits whenever they have free scope.

Niccolo Machiavelli (c. 1517)

1.1 Computational Grids: Current Practice

During the last decade, a computing paradigm known as “Grid” computing
has seen a surge in research activity. Drawing inspiration from the electrical power
grid, this paradigm is an approach to high-performance computing that seeks to
serve a large number of users from multiple, geographically distinct computing
centers. As they exist today, these centers are very large scale systems that
provide computing power to support science research.

As a group, the scientists who use these resources have resource demands that

are unpredictable and insatiable. The consequence of underprovisioned resources
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is uncertain turnaround times, with jobs sometimes waiting weeks before execut-
ing. These users are competing for execution time and are generally not interested
in the performance seen by others, and care primarily about user-centric metrics
such as total turnaround time to job completion. This self-interested focus can
lead users to game the system [13] in order to increase their share of resources.

Resource providers, on the other hand, are funded by government agencies
and are tasked with purchasing and maintaining computing resources to support
scientific research. In this role, these institutions are primarily concerned with
maximizing the usefulness of their computing infrastructure to their user com-
munity. More specifically, they use social-welfare-type metrics such as system
utilization to measure and optimize this usefulness. The infrastructure outlays in-
volved are extremely expensive, and these institutions are interested in accounting
for and maximizing the usefulness of these computing investments. Two exam-
ples of such institutions are the San Diego Computing Center (SDSC), and the
National Center for Supercomputing Applications (NCSA).

Without a well-designed mechanism to mediate these competing interests, the
outcome can be chaotic and inefficient. For example, if a time-slicing scheme
were employed, and all users were given interactive access to the machines, the
performance seen by each user would rapidly degrade as many users attempted

to hoard resources through any means possible. A resource allocation mechanism
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must be used to reconcile competing interests to avoid such chaos. Additionally, if
the mechanism to mediate these interests can accurately measure the underlying
user-centric value of the work being performed, we can use that information to
expedite the most urgent and important jobs.

Grid systems today rely primarily on two mechanisms to allocate resources:
best-effort batch queues, and reservation systems. Best-effort batch queues have
been used to allocate resources since the mid 1980’s. In their simplest form,
batch queues consist of virtual lines that users wait in for access to computational
resources. Users are given no guarantees regarding how soon their jobs will run:
they may see immediate exection, or they may wait weeks. Reservations systems,
on the other hand, are a more recent model in the high-performance computing
world. Rather than wait in lines for an uncertain execution time, reservation

systems allow a user to get a guaranteed time slot at a future date.

1.2 Thesis Qustion

In general, this dissertation looks at the problem of mediating the competing
interests of grid users, and seeks to do so in a manner that retains much of the

semantics of existing schedulers. But more specifically, there is a particular sub-
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problem we are attempting to solve: can we do this by incentivizing users to be
honest when interacting with the system?

In summary, this dissertation addresses the following Thesis Question:

Can we design grid scheduling systems that reward users for being
honest when submitting jobs, and can we do this while both retaining
much of the semantics of existing schedulers and adhering to the com-
putational tractability requirements of high-performance computing
centers?

1.2.1 Why Honesty Matters

In both batch queue systems and reservation systems, users submit metadata
along with jobs (both explicitly and implicitly) in order to help these systems
make scheduling decisions. For example, the number of nodes needed by a job is
explicit information included in a submission, and the user account under which
it was submitted provides implicit information. Because this metadata influences
scheduler decisions, users can manipulate scheduling outcomes to their advantage
by manipulating the metadata they submit.

As an example, consider a scheduling system that allowed the specification of
a priority variable, say between 1 and 10. In this system, jobs with higher stated
priority would be scheduled for earlier execution than those with lower priority. If
such a system had no negative consequences for stating a high priority, it would be

the best interest of any user to indicate that their job was of maximum priority,
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or “10” in this example. As a result, this metadata would become useless for
scheduling purposes.

If we can get users to submit honest and accurate metadata, there would be
numerous advantages. First, this would likely lead to more accurate scheduling
decisions. More accurate data driving scheduling decisions would lead to better
decisions. Second, we would be able to accurately get at subjective information
from users, such as job urgency and overall value. Using this information in
scheduling decisions can lead to increased user satisfaction [5]. Third, this in-
formation about job value would give resource providers additional metrics with
which to guide purchasing decisions. Rather than base decisions solely on system-
centric measurements, administrators would be able to consider metrics such as

aggregate job value when making new hardware investments.

1.3 Thesis Overview

In order to elicit honest behavior, we will be leveraging existing work in the
fields of Auction Theory and Mechanism Design. As will be explaned at greater
length in Chapter 3, we can’t tractably deliver all the features that we’d like while
adhering to the theoretical constraints of our payment mechanisms. Figure 1.1

depicts the “choose any two” nature of the design space. Because sacrificing
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Rich Feature Set

Unbroken Theoretical

Constraints Computational Tractibilty

Figure 1.1: Choose any two: Rich Feature Set, Computational Tractibility, Un-
broken Theoretical Constraints

tractability does not make sense in a high-performance computing environment,
we’ve chosen to investigate the two circled combinations: solutions that are both
tractable and are faithful to theoretical constraints, and solutions that are both
tractable and are feature-rich.

These two approaches have been applied to both Batch Queues and to Reser-
vation Systems. The relationship between these two design axes and the structure
of this dissertation can be seen in Figure 1.2.

This dissertation is structured as follows. In the next chapter, we will present
an overview of related work. In chapter 3, we will present the relevant concepts

from game theory and mechanism necessary to understand the work that follows.
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Current (Queues) Future (Reservations)

»
'

Constraints EES DPGVA
Unbroken Chapter 4 Chapter 5

Relaxed EES
Feature Chapter 6
Rich

Relaxed DPGVA
Chapter 7

Figure 1.2: A four-paned figure showing the two axes: the batch-reservation axis
(present vs. future), and the theoretical-practical axis

The relationship between chapters 4, 5, 6, and 7 is shown in Figure 1.2. In Chapter
4, we investigate batch queue mechanisms that are both tractable and are faithful
to theoretical constraints. In Chapter 5, we investigate reservation mechanisms
that are both tractable and are faithful to theoretical constraints. In Chapter
6, we investigate batch queue mechanisms that knowingly break theoretical con-
straints in order to deliver an increased feature set. In Chapter 7, we investigate
reservation mechanisms that knowingly break theoretical constraints in order to
deliver an increased feature set. Chapter 8 will present a discussion of the results
found in chapters 4 through 7. Chapters 9 and 10 will present future research

directions and concluding remarks, respectively.



Chapter 2

Related Work

This dissertation explores the viability of applying theoretical results from the
field of mechanism design to scheduling systems on computational grids. In this
chapter, we will discuss several landmark papers that are relevant to how these
two fields intersect. We will first present work that focuses on the theoretical end
of this problem, followed by work that focuses more on applied systems. We will
conclude the chapter with work that, similar to this dissertation, sits between the

two.

2.1 Auctions and Mechanism Design

The work in this dissertation applies results from the study of auctions in field
of Mechanism Design in order to elicit honest divulgement of metadata. In this
section, we discuss some of the results that this work relies upon, and some related

work that could be used in the construction of other grid scheduling systems.
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The two auction mechanisms that this work is directly based upon are the
Generalized Vickrey Auction and the Expected Faternality Mechanism. These
mechanisms will be discussed at greater length in Chapter 3, but should be briefly
mentioned in this chapter as well.

The Generalized Vickrey Auction is the generalized form of the sealed-bid
second-price auction originally studied by William Vickrey in 1961 [23]. This auc-
tion was subsequently generalized in work done by Clarke in 1971 [6] and Groves
in 1973 [8]. GVA payments can be applied to auctions of a variety of forms, but
the well-known and powerful combinatorial GVA allows bids that express comple-
mentarity, substitutability, and externality. An auction that allows the expression
of complementarity allows users to indicate that the value of goods A and B to-
gether is greater than the sum of their individual values. Substitutability can be
thought of as the opposite of complementarity in that it is the expression of goods
being worth less together than the sum of their individual values. An auction that
allows the expression of FExternality is one that allows a user to indicate that a
transaction between other participants affects that user either positively or nega-
tively. The Generalized Vickrey Auction is well-known for being truth-revealing,
meaning that it is in a participants best interest to honestly divulge all relevant
private information to the mechanism. These features, and others, are discussed

at greater length in Chapter 3.
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The FExpected Externality Mechanism, is a truth-revealing auction mechanism
developed independently in 1979 by both Kenneth J. Arrow [1] and by Claude
dAspremont and Louis-Andre Gerard-Varet [7]. Like the GVA, in the EEM bids
are submitted in sealed fashion and can exhibit complementary, substitutive, and
external preferences. Unlike the GVA, the EEM provides balanced budget pay-
ments, but also unlike the GVA, it lacks the desirable feature of individual ratio-
nality. Additionally, the truth-revealing incentives in the EEM are weaker than in
the GVA, as honesty is only nash-optimal in the EEM, but is a dominant strategy
in the GVA. These incentives, and the EEM in general, are discussed at greater
length in Chapter 3.

There are two significant theoretical results that limit the design of the sched-
ulers in this dissertation: the incompatability certain desirable auction character-
istics, and the intractability of many forms of combinatorial auction. The first
limitation was shown by Myerson and Satterwaithe in [12]. This landmark work
showed that the three properties of budget balance, efficiency and interim indi-
vidual rationality cannot be simultaneously achieved in any mechanism. Any two
of the properties can exist together, and the mechanisms that this dissertation
relies upon exhibit two different pairs of these (the GVA exhibits efficiency and

individual rationality, and the EEM exhibits budget balance and efficiency).

10
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The second significant limitation that is a driving force in our work is that
combinatorial auctions can be computationally intractable to solve. In [17], Sand-
holm et al. look at the impact of auction structure on the algorithmic complexity
necessary to find optimal solutions, approximate solutions and feasible solutions.
As will be discussed in Chapter 3, many of the truth-revealing characteristics
of the GVA and EEM require allocation functions that optimally reconcile bids,
and schemes that use approximate allocation functions violate the requirements
of these mechanisms. In [17], the difficulty of optimally solving many different
combinatorial auction forms is discussed, and while there exist approximation al-
gorithms for a few of these, optimally solving them is NP-complete or worse in all
cases. In some cases, finding a solution that is even feasible is NP-complete.

Approximation algorithms are the obvious response to this intractability, but
as we’ve mentioned simply approximating the GVA can produce a mechanism
that is not strategy-proof. One solution to this is found in [11], where Lehmann
et al. present a strategyproof auction mechanism that is both approximately
optimal and computationally tractable. In order to accomplish this, the authors
restrict the preferences of the participants to those that are single-minded, which is
where a participant is satisfied if he acquires a specified minimum bundle within a
specified maximum price. This mechanism has been successfully used to schedule

time on sensor-network testbeds, as discussed below in [3]. The restriction of the

11
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mechanism to participants whose preferences are single-minded prohibits its use
in our target environment, however, as there are many allocations between which
users are genuinely indifferent.

In the scheduling systems in this dissertation, we use a simple representation
of user preferences, that allows a participant to specify his satisfaction with a
variety of outcomes with a few parameters. While this solution does a decent
job of representing user preferences, future researchers may want to expand these
representations. This can lead to an information transmission problem, as the
GVA payment scheme requires the user to value all possible outcomes. In [15],
Parkes presents an auction that reaches the GVA outcome without a complete,
upfront valuation of all possible outcomes. The authors refer to this auction as
an iterative version of the GVA. The key difference between the iterative GVA
and its non-iterative version is that in a given round, agents are only required to
bid on a single bundle of goods. As a result the communication requirements of
this scheme are far lower than the traditional GVA, where each participant must
submit a bid representing a valuation of all possible allocations of the auction.

As will be discussed at greater length below, the composition of multiple lo-
cally truth-revealing mechanisms does not always produce a single globally-truth-
revealing mechanism. Ng et al. attempt to address this in a dynamic environment

with the Virtual Worlds system presented in [14]. In a mechnanism whose partici-

12
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pants are coming and going dynamically, each participant will face the decision of
when to enter, and these decisions influence the amount of gain that user will see
from the auction. In Virtual Worlds, the authors attempt to address this potential
for strategization by keeping track of the gains that a user would have seen if he
had delayed his entry into the mechanism and compensating him if he would have
gained by delaying. As a result, a user’s dominant strategy is to enter the mech-
anism as early as possible. The mechanism builds on the work of Lehmann et al.
in [11], and is subject to the same restrictions regarding participant preferences

and single-mindedness.

2.2 Auction-Based Scheduling Systems

The notion of applying auctions and market mechanisms to the scheduling of
distributed computer resources has existed for some time. This section highlights
some of the landmark work done in this direction. The work discussed in this
section differs from section 2.3 in that the solutions don’t focus primarily on
truth-revelation and participant incentives.

The earliest of these ideas dates to 1968 [22], where Sutherland et al. allow
users to indicate the relative worth of resources via a unique mechanism for allo-

cating time on a shared computer. Users are allowed to bid on contiguous blocks

13
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of time on the computer for the next day. Users compete for time by outbid-
ding one another, but users can not bid in such a manner that they partition an
existing block in two. Users pay for computation at the rate of their bid, but
the currency used is only consumed for the remainder of the day. Each morning
users’ accounts are reset to the same quantity. This system is not intended to
elicit honest information from users, and the designers make no claims to that
effect.

In another early auction-based system, in [10] Kurose et al. designed and
built a distributed, market-based system to manage file storage placement in
a distributed system. The work differs from other market-based approaches in
that uses a resource-directed allocation mechanism rather than a more traditional
price-directed mechanism. In a price-directed scheme a central authority would
adjust prices until the quantities supplied and demanded were equal for each
good. In a resource-directed scheme, by contrast, the system starts with an arbi-
trary allocation of resources and a central authority collects from each agent the
marginal value of each resource and reallocates resources from those with a lower-
than-average marginal value to those with a higher-than-average marginal value.
For environments where decentralization is desired, the scheme optionally uses a
" pairwise interaction algorithm”, where instead of exchange being coordinated by

a central auctioneer, the participants pair up and make locally optimizing transac-

14
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tions with each other. The scheme does not attempt to prevent user manipulation,
with no assurance that participants will honestly reveal their true marginal values.

In the Spawn system [25], each hardware resource that is being offered in
the system conducts a separate Vickrey auction where applications bid to use
the system. Because each auction is independent and is executed on separate
hardware, the system is very decentralized and fault tolerant. The consequence
of this decentralization is the absence of combinatorial bidding, which prevents
the system from being truth-revealing. Rather than bid their true value for the
resource in question, participants must bid strategically if they have combinatorial
preferences. For example, if one only valued resources A and B as a pair and for
$X, should one bid $X/2 for each? If one of these resources was likely to be in high
demand and the other in very low demand, should different quantities be bid? The
optimal strategy in this environment isn’t clear, but for many sets of preferences,
it isn’t honesty. This example highlights how the composition of multiple locally
truth-revealing mechanisms are not necessarily globally truth-revealing.

Another early auction-based resource management framework is the Popcorn
system [16]. In Popcorn, Nisan et al. experiment with three different auction
mechanisms to allocate grid resources. The first is very similar to the technique
employed in [25], where a second-price, sealed-bid auction is conducted for each

resource. The second is a double auction where an upper and lower limit is spec-

15
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ified, along with a rate to move between the two. The auctioneer moves each
bidder from one limit to the other at the specified rate and matches buyers and
sellers with compatible prices. The third is a double auction that is cleared peri-
odically, with the auctioneer computing a market clearing price from the collection
of existing bids and clearing the market at that price. Similar to the Spawn sys-
tem, the scheme doesn’t address the strategic issues that emerge when participant
satisfaction is combinatorially conditional.

Stoica et al. present the application of a nontraditional microeconomic mecha-
nism in [21]. At each time step, a sealed-bid first-price auction is held to determine
who will use each resource, unless the resource is currently in use. If the resource
is in use, than the process that occupies it is allowed to continue running. The rate
that this process pays, however, is computed at the beginning of process execu-
tion and is based on a statistical prediction of price fluctuations. This approach is
very computationally lightweight and avoids the challenges faced by systems that
allow combinatorial bidding. The scheme allows participants to request resources
on many machines at once, so avoids the strategic issues that Spawn and Pop-
corn face, but its design is system-centric and makes no claims about the optimal
behavior of participants.

The use of the commodity market model for grid scheduling is explored by

Wolski et al. in [26]. Through simulation, the authors compare the performance
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of scheduling using sealed-bid, second-price auctions with that of allocation using
a commodities market with two different price adjustment mechanisms. Both
price-adjustment mechanisms construct an excess demand curve, representing the
difference between the quantity supplied and demanded for each good at all price
points. This curve is navigated by a technique known as “Smale’s method” [19]
to find a set of prices where excess demand is zero. The scheme differs from
traditional Tatonnement price adjustment schemes in the respect that the market
is transacted outside of equilibrium. This significantly reduces the computational
cost of the scheme, however, as the system does not need to wait for the process
to converge to the price equilibrium before exchanging goods.

In [5], Chun et al. demonstrate how grid schedulers that consider job value
when making scheduling decisions yeild significantly higher performance when
evaluated using user-centric metrics. In this work the authors use simulation to
determine magnitude of this hidden inefficiency. They compare the aggregate
utility of the participants between batch queue environments that alternately do
and do not consider reported user value. Because the authors are doing their
work in simulation, they are able to use aggregate global utility as their metric
for comparison (in a non-simulated environment they would need to address the
problem of accurately getting this information). The authors find that in the

presence of variation of job value, the batch queueing systems that consider this
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information achieve significantly greater global utility than those that don’t. To
address this, Chun et al. have built and tested in [4] a resource sharing system
that allows the expression of value by conducting an uncommon “proportional”
auction. The auction is such that if many users bid on the same resource, each
user gets a fraction of the resource equal to the fraction that their bid represented
of the bids submitted and pays the amount that they bid. This mechanism has
some serious drawbacks, however. In particular, far from being truth-revealing,
this auction mechanism necessitates the use of strategy, as it is impossible to even
value a resource without predicting how popular the resource will be with other

users.

2.3 Truth-Revealing Schedulers

Less work has been done directly in the field of truth-revealing grid schedulers
than in the broader areas above. In this section we will discuss grid scheduling
systems that prioritize truth-revelation.

The Bellagio system, presented by Auyoung et al. in [2], is a scheduler for
computational grids that uses combinatorial bids to allocate resources. These
bids can be very complex, with users valuing many different allocative outcomes,

including many different resource bundles and start times. There is complete
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combinatorial flexibility in valuing these outcomes. The Bellagio system uses a
variant of Vickrey pricing in order to elicit honest bids from participants. The
Bellagio system does an excellent job of eliciting honest, complex preferences from
users, but sacrifices computational tractibility to do so. Solving the combinatorial
auction produced by Bellagio bids is an NP-Complete problem. The authors state
that approximation algorithms are intended in the future to address this, but don’t
address the impact that these approximations will have on the incentives faced by
participants.

In similar fashion, the MACE system is described by Schnizler et al. in [18].
Standing for Multi-Attribute Combinatorial Exchange, MACE is a grid scheduling
system that gives users a very rich biding language in which to express their
preferences. Complex bundles can be valued, indicating both complementary and
substitutive relationships. The authors experiment with using both a Vickrey
pricing scheme and a “k-pricing” scheme. The k-pricing scheme is a budget-
balanced pricing scheme that allocates the consumer-producer surplus between the
participants with one getting k and the other getting (1 — k). In both the Vickrey
pricing and the k-pricing schemes, solving this system is requires solving an NP-
complete problem. In order to address this, the authors experiment with using

the CPLEX solver to accelerate the average case. The worst case performance
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can be poor, however, and this is handled by terminating the solver after four
minutes.

In order to avoid such NP-complete problems, a more streamlined solution is
presented in [20] by Stoesser at al. Rather than allow the valuation of arbitrarily
complex combinations of goods, GreedEx allows only two goods: computation and
memory. Users submit 5-tuple bids that indicate the value of the work to be per-
formed, the amount of cpu and memory needed, and the expected running time.
In this more constrained model, the authors are able to create an approximation
algorithm to solve the allocation problem. Additionally, the payment scheme used
provides approximate truth-revelation. With respect to the Myerson-Satterwaithe
impossibility result discussed in Chapter 3, the GreedEx system explores a com-
bination of permissible attributes that this dissertation does not explore: budget

balance and individual rationality.
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Chapter 3

Grid Computing, Game Theory
and Mechanism Design

The work that we have done in truth-revealing grid schedulers straddles the
divisions of some traditional disciplines, and as such we would not necessarily
expect the reader to be familiar with all the fundamentals that this work builds
upon. In this chapter, we will present sufficient supporting material so that the
reader will better understand the work in the following chapters.

This chapter is structured as follows. We will first describe to the reader what
Batch Queues and Reservation Systems look like in practice today. Next, we
will provide an overview of the necessary concepts from Game Theory. We will
conclude the chapter with an overview of Mechanism Design and a description of

the mechanisms we will be experimenting with in later chapters.
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3.1 Current Practice

3.1.1 Batch Queues

Batch Queues have been used to allocate resources since the mid 1980’s. In
their simplest form, batch queues consist of virtual lines that users wait in for
access to computational resources. Users submit a job to the system along with
accompanying metadata, such as the expected running time and the number of
nodes that the job needs to run. Users are given no guarantees regarding how
soon their jobs will run: they may see immediate exection, or they may wait
weeks. These jobs are handled in a pseudo-FIFO order, as both backfilling and
user priority heuristics affect the schedule.

Batch queues have many strengths: they are simple to use, they produce
very egalitarian resource allocations, and they can yield a high degree of resource
utilization. They are far from perfect, however, as they provide poor incentives
for users to moderate usage during periods of high demand. For example, consider
the incentives faced by users when some members of a research community are
trying to meet a publication submission deadline. There would be a surge in job
submissions and job turnaround times would increase, but no other factor would

discourage non-urgent uses of the resource.
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3.1.2 Reservaton Systems

Reservations systems are a more recent model in the high-performance com-
puting world. Rather than wait in lines for an uncertain execution time, reser-
vation systems allow a user to get a guaranteed time slot at a future date. At
this time, some reservation systems even require direct administrator contact to
create reservations.

Resource providers have historically been averse to reservation systems, as
these systems tend to be more prone to gaps between time slots, and can lead to
a reduction in total system utilization. Users, on the other hand, tend to be the
proponents of such systems, as they value the increased certainty regarding exe-
cution time. Like batch queues, reservation systems don’t have strong incentives

in place to discourage consumption during peak times.

3.1.3 Preferences in Grid Systems

The users in grid systems tend to be interested in their own performance, and
aren’t too concerned about the performance seen by other users. Computational
grids are commonly composed of federated resources from multiple institutions,
and the users that consume these grid resources are themselves from different
institutions. In this situation, it is unrealistic to expect users to act in a purely

altruistic fashion. If we were to simply ask each user how important his job was,
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without any consequences for overstating the value, it would be in his interest
to reply that his jobs were maximally important. Using such responses to make
scheduling decisions would, of course, not produce efficient results. In order to be
effective, a scheme to manage these resources must assume that users will act in
a manner that advances their own best-interests.

Resource providers, on the other hand, tend to be more altruistic in this envi-
ronment. Providers of grid resources are government-funded organizations, tasked
with purchasing resources to advance scientific research. These organizations use
traditional system-centric performance metrics (such as utilization) to measure
how well they advance the goals of users, and use these metrics to guide purchas-
ing decisions. As a result, we don’t really need to worry about malicious resource

providers in our target environment.

3.1.4 Preferences Specific to Batch Queues

In a queued environment, consumption incurs a strongly negative externality
on other users. Any time that the cluster spends executing the job at the head of
the queue is increased turnaround time for all the jobs waiting in line. Because
most batch queues do not execute jobs in a purely-FIFO order, this increase isn’t
necessarily equal to the execution time of the job at the head of the queue, but it

is generally greater than zero.
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To clarify what we mean when we say these preferences are external, A classic
example is the polluting factory. The factory produces goods and sells them
to consumers, but the pollution generated by the factory affects more than just
those who buy the product: everyone living nearby is affected by the results of
transactions in which they do not directly participate. An economic model that
does not consider these external effects may not capture the true incentives of the
participants or accurately represent the true valuations assigned to resources.

These externalities restrict the space of mechanisms that we have at our dis-
posal. Some otherwise-desirable results in Mechanism Design (such the tractable,
truth revealing mechanism developed by Daniel Lehmann in [11]) are out of our

reach in queued systems due to these externalities.

3.1.5 Preferences Specific to Reservation Systems

User preferences in reservations systems lack the external element that is
present in queued systems. The use or non-use of a resource at time ¢; has no
effect on the happiness of a different consumer of the resource at other times. The
preferences in reservations systems do exhibit more complex complementary and
substitutive properties, however. If we discretize the schedule of each resource,

adjacent time units tend to be desired by the same user (a complementary rela-
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tionship), and many different sequences of time blocks can satisfy the same job
deadline (a substitutive relationship).

Like the effect that externalities have on our selection of mechanisms in batch
queues, these complementary and substitutive relationships between time slots
restrict our choice of mechanism. Just like above, the tractable, truth revealing
mechanism developed by Daniel Lehmann in [11] is again out of our reach, al-
though this time it is due to the substitutive nature of the preferences (multiple,

equally-valued bundles violates the assumption of single-minded preferences).

3.2 (Game Theory Concepts

Game Theory is a branch of mathematics that studies how self-interested par-
ticipants behave in a system of rules. The discipline flows naturally from the
idea that if one can quantitatively understand an actor’s interests, and one can
model that actor’s interactions with other self-interested actors, then one can use
mathematics to understand what behaviors advance those interests. The field was
initially developed by John von Neumann and Oskar Morgenstern in the 1940’s
with the publication of [24].

Game theory predicts real-world behavoir only to the extent that real-world

actors behave rationally. A critic of game theory (and work derived from it) could
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claim that the assumption of perfect rationality on the part of human participants
is invalid, as humans no not always act rationally. In the context of our work,
however, individual participants may not understand all the theoretical reasons
that honest behavior is optimal, but if they are assured by experts that honesty is
the optimal strategy (and their personal experiences bear this out) it is likely that
they will behave in this manner. For more information on these topics, see [9].

There are multiple ways to represent games mathematically, but for the pur-
poses of this dissertation we will use the following.

Some outcome, x € X, is produced by a game, x. This game « is a function

that maps a set of player actions (also called strategies), s, to outcomes.

r = K(s)

The set of all participants is I. The set of strategies s is composed of the strat-
egy played by participant ¢ € I, called s;, and the strategies played by everyone

else, called s_;. So this can also be written as:

r = K(si, 5_;)

For each participant i, there exists a function, U, that describes their satis-

faction or wutility seen from some outcome x, U;(x). U maps from the set of all
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possible outcomes, X, to a real number U: X — R. We can rewrite this function
with a parameter t;, representing participant i’s preferences, also called his type,
as U(t;,x). So we can write a participant’s satisfaction with the outcome of a

game as:

Ulti, k(8i,5-:))

A participant i does not know how the other participants will act (s_;), but
he may have some impression of the likelihood of others” actions. In this case, in
order to maximize his satisfaction, he will choose an action, s;, that maximizes
his expected satisfaction:

By [U(ti, k(si,5-4))]

For some games, there exists a strategy s; that maximizes i’s satisfaction,
regardless of the strategies employed by other players, s_;. In this case, we refer
to that s} as a dominant strategy. In other words, s} is a dominant strategy if and

only if, for all other strategies, 3; , playable by i:

Uti, k(sf,5-4)) > Ulti, (55, 5-))

for all s_;.
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The existence of a dominant strategy is a very strong predictor of participant
behavior. If a participant knew of a strategy that would maximize his satisfaction,
regardless of anything else, he would likely play this strategy. Dominant strategies,
however, don’t always exist.

Another, weaker type of predictable play is called a Nash-optimal strategy. If
there exists a set of strategies, S*, such that for each participant 7, s} € S* is a

best response to the rest of the strategies in s*;, then that set is referred to as a

Nash equilibrium. Symbolically, for all s;:

U(t“ K(‘S:? Siz)) Z U(tlv ’i(s_iu Stz))

Nash-optimal play is a weaker prediction of behavior, since it is predicated
on other participants also acting according to the equilibrium. This can be par-
ticularly problematic when more than one Nash-equilibrium exists. From the
perspective of Mechanism Design, however, it is still useful as we will be using
mechanisms where honesty is a Nash-equilibrium, and as a result multiple equi-

libria are not a problem.
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3.3 Mechanism Design Concepts

Mechanism Design is a field of study that seeks to design a system of rules
whereby self interested participants are incentivized to act in a manner that de-
livers a desired outcome. These interaction mechanisms can take many forms,
with voting systems and auction systems being the most commonly studied. The
desired outcomes that these mechanisms are designed to produce can vary, but
one commonly studied outcome is the advancement of the aggregate welfare of all
the participants. There are multiple ways to represent a mechanism symbolically,
but for the purposes of this dissertation we will use the following, loosely following
the notation in [9].

We will represent an auction mechanism with two functions: an allocation
function x that computes a resource allocation (called z € X, where X is the set
of all feasible allocations) and a payment function g that computes the change
in currency that each participant will see. Both functions take the set of bids
submitted by each participant as argument. Each participant will pay into the

system according to the payment function:

pi(siy s—;)
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and the resources will be allocated by the x function:

K(Si, 5_;)

As a result, the satisfaction seen by participant ¢ from submitting s;, when the

other participants have submitted s_; is:

Ulti, k(si,5-4)) — pi(si, s-:)

Participant 7, of course, doesn’t know how the other participants will be bid-
ding. If he has some sense at the likelihood of their bids, however, he will act to

maximize:

By, [U(ti, (s 8-4)) — pi(siy 5-4)]

There are many different desirable features that a mechanism can have. Four
characteristics that are frequently discussed in designing auctions are truth reve-

lation, individual rationality, budget balance and efficiency.

3.3.1 Truth Revelation

An auction is considered to be truth-revelealing if it is the optimal strategy

of the participants to truthfully reveal their privately held information to the
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mechanism. For example, in an auction for a single item, each participant has
private information in the form of the amount he values the item. In a truth-
revealing single-item auction, it would be in the best interest of each participant
to submit a bid corresponding to this private valuation.

Symbolically, this means that the bid s} that yields the highest satisfaction:

U<t’ﬂ K(SL S*i)) - ,ui(s'?v 5*1') > U(tla K(‘S_lﬁ S*i)) - :ul(s_w S*i)

for any s;, and s is the bid corresponding to the true value t;.

3.3.2 Individual Rationality

An auction is said to be individually rational, if each participant is guaranteed
that participating in the auction will leave them in an equal or better position
than they would be if they had not participated at all. There are three types of
individual rationality: ex ante, interim, and ex post. A mechanism is said to be ez
ante indiwidually rational if it is in someone’s best interest to participate before
they know their own preferences. A mechanism is said to be interim individually
rational if it is in someone’s best interest to participate after they know their own
type, but before they know the types of other participants. A mechanism is said

to be ex post individually rational if it is in someone’s best interest to participate
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after they know their own type, and the types of all other participants (i.e. after
the mechanism has completed). As should be obvious, these three are listed in
order of strength, with ex ante being the weakest form of individual rationality
and ex post being the strongest.

Symbolically, we would say that ex post individual rationality is, for all s;, s_;:

U(tla H(Siv S*i)) - Mi<5i7 S*i> > 0

3.3.3 Budget Balance

An auction is called budget balanced if it requires no inflows or outflows of
currency to operate. Some mechanisms can only operate properly if there is an
external agent paying into the system. Mechanisms that don’t require such an
entity are considered budget balanced.

So, for all s;, s_;:

Z wi(si,s—;) =0

el
3.3.4 Efficiency

An auction is considered efficient if the allocation of goods that it produces

allocates items to the individuals who value them most. If there exists no alloca-
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tion for which the aggregate utility of the participants is greater, then the auction
is considered efficient.

An efficient allocation, z*, has the property

for all z € X.

3.3.5 What we can not do

There are two limitations in mechanism design that are relevant to this dis-
sertation. The first result is that we can’t have all of the above in one mechanism
simultaneously. As Myerson and Satterwaithe showed in [12], the three properties
of budget balance, efficiency and interim individual rationality cannot be simulta-
neously achieved in any mechanism. Any two of the properties can exist together,
and as will be described below, this dissertation experiments with two of the three
allowable combinations.

A second relevant limitation is that the mathematics that provide us many of
the theoretical guarantees in these mechanisms is very sensitive to the accuracy
of the underlying allocation function used when reconciling competing bids. As

you will see below, both the Expected Externality Mechanism and the Generalized
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Vickrey Auction assume that the allocation function (referred to as x) that maps a
set of bids to an allocative outcome is accurate and optimal. Additionally, many
of the allocation problems to which we would like to apply these mechanisms
are intractably hard to solve optimally. As a result, we cannot simply replace an
optimal allocation algorithm with an approximately-optimal algorithm and expect

these guarantees to be preserved.

3.4 Mechanisms we Employ

3.4.1 The Expected Externality Mechanism

The Ezpected Externality Mechanism, is a truth-revealing auction mechanism
developed independently in 1979 by both Kenneth J. Arrow [1] and by Claude
dAspremont and Louis-Andre Gerard-Varet [7]. In this mechanism, bids are sub-
mitted in sealed fashion, and an allocation function optimally reconciles these
bids to produce an efficient allocation. Its payments are budget balanced, and its
allocations are efficient, so from the perspective of the Satterwaithe impossibility
result, the Expected Externality mechanism sacrifices individual rationality.

Lacking individual rationality is a weakness, but for our target environment of
batch queues, not a fatal one. It would be difficult for users to determine exactly

when it would harm them to enter the system without knowing in advance the
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rest of the users submitting jobs in the system. Additionally, even if a user was
able to make this difficult determination, the consequence would simply be one
fewer job submitted to the system.

Another concession that must be made for this mechanism is that it requires
knowledge of the statistical distribution of user preferences. This is a minor con-
cession in our target environment, as a centralized computing provider is perfectly
placed to record and process the submitted user preferences in order to determine
this information.

The Expected Externality Mechanism does properly incentivize truth-revelation,
although truth-revelation is a Nash-optimal strategy, rather than a dominant
strategy. As discussed above, this means that it is in a participants best in-
terests to be honest, only if all the other participants are being honest. Creating
a system where this self-reinforcing honesty exists is discussed at greater length
in Chapter 8.

Symbolically, a participant in the Expected Externality Mechanism pays ac-

cording to the function p;(s;, s_;):

> U (r, 5*(s5,m-5))

I#5

—E,_

(|f|1—1)ZE“f

J#

ZU(rj,H*(si,r_i))] (3.1)

JFi
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Where |I| is the number of participants, E,_, is the expected value over the
stated preferences of everyone other than i, x* is a function that produces an

efficient allocation from the set of bids.

3.4.2 The Generalized Vickrey Auction

The Generalized Vickrey Auction is the generalized form of the sealed-bid
second-price auction originally studied by William Vickrey in 1961 [23]. Work was
done by Clarke in 1971 [6] and Groves in 1973 [8] in generalizing this mechanism.
This auction is perhaps the most well-known truth-revealing auction around today.
In the GVA, truth-revelation is a dominant strategy, meaning that it is in a
participant’s best interests to be honest, regardless of the truthfulness of other
participants. This is a stronger, and preferable, solution concept to that of the
Expected Externality Mechanism.

Another strength of the GVA is that it is ex post individually rational, so
no participant leaves the mechanism worse-off than when they entered it. Ad-
ditionally, the function that reconciles competing bids produces efficient alloca-
tions. As a result of this individual rationality and efficiency, and the existence
of the Myerson-Satterwaithe impossibility theorem, the GVA cannot be budget
balanced. While the lack of budget balance in our target environment is certainly

not a strength, our target environment uses virtual, cluster-issued currency, and
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as such it is not as daunting a property as it is in systems using real-world cur-
rency. This is discussed at greater length in Chapter 8. Also, unlike the Expected
Externality Mechanism, the GVA does not require knowledge of the participants
preferences in order to operate.

The GVA can be thought of as charging each participant the difference between
the aggregate social welfare of others with and without his presence. Symbolically,

we represent this as:

57,7 l ZU 8]7 ZU 8]7 317 Z))

JFi JF#i

3.5 Incentives and Tractibility

As discussed above, the guarantees that these mechanisms provide about user
behavior only hold as long as the allocation function optimally reconciles bids.
Unfortunately, many of the features we would like to provide in our scheduling
system would require the use of an allocation function that cannot be tractably
implemented. A common solution to computational intractability is the use of
approximation algorithms, but their lack of optimality breaks the optimality con-

straint, and we lose the guarantees of truth revelation.
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If we want to provide truth-revelation in a tractable manner, there is a gap
between the feature set that we can deliver and the feature set we’d like to deliver.
That gap is the focus of this dissertation. Chapters 4 and 5 approach this gap
from the side that sacrifices features in order to be faithful to the theoretical
constraints of the mechanism. Chapters 6 and 7 approach this gap from the other
side, knowingly breaking constraints in order to deliver an expanded feature-set,

and intending to examine to what degree truth-revelation has been broken.
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Eliciting Honesty in Batch
Queues

Batch Queues have been used to allocate resources since the mid 1980’s. In
their simplest form, batch queues consist of virtual lines that users wait in for
access to computational resources. As currently implemented, batch queues pro-
vide no guarantees as to when a user’s job will be run. Jobs are handled in a
pseudo-FIFO order, as backfilling and priority heuristics affect the schedule.

Batch queues have many strengths: they are simple to use, they produce
very egalitarian resource allocations, and they can yield a high degree of resource
utilization. They are far from perfect, however, as they provide poor incentives
for users to moderate usage during periods of high demand. For example, consider
the incentives faced by users when some members of a research community are
trying to meet a publication submission deadline. There would be a surge in job

submissions and job turnaround times would increase, but no other factor would
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discourage non-urgent uses of the resource. A user whose job was not urgent would
certainly see his results sooner if he submitted now, rather than waiting until a
period of lower demand. As a result of this urgency-agnosticism, high batch queue
utilization numbers can belie hidden inefficiency as resources are being allocated
to the execution of the job at the front of the queue, regardless of the value of the
work to be performed.

The work presented in this chapter is intended to address this issue. In or-
der to distinguish between urgent, important work, and jobs that are less time
sensitive or less important, we need to get at the quantification of these notions
that exists only inside the heads of users. As discussed in the previous chapter,
we are attempting to use the field of Mechanism design to do this, specifically the
Expected Externality Mechanism.

The Expected Externality Mechanism was developed independently in 1979 by
both Kenneth J. Arrow [9] and by Claude d’Aspremont and Louis-Andre Gerard-
Varet [10] (for more information, see 3.4.1). Due to this theoretical basis, we have

named our scheduler the Expected Externality Scheduler (or EES).
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4.1 Our Batch Queue Scheduler

4.1.1 What Users See

In our scheduler, the Expected Externality Scheduler (or EES), users submit
three parameters along with every job: called v, d, and r and explained below.
The scheduler considers the jobs in First-in-First-out (FIFO) fashion, and based
on the submitted parameters, decides to either run the job or to discard it. In
general, a job accrues currency while waiting in the queue and pays out currency
if it runs when it reaches the front of the queue. The net effect is that jobs which
are eventually discarded by the mechanism gain currency overall, and those that
are run by the mechanism lose currency.

The first two parameters are currency-based and indicate job priority: the
value of the work to be performed. v, and the tolerance of the user towards delay
in total turnaround time, d. Both v and d are specified in terms of a cluster-
specific currency that has been allocated by the administrators of the resource.
In addition to this value information, the user indicates a maximal running time
of the job, r.

The value parameter, v, is simply the amount of currency that the user would

be willing to pay in order to have the job executed. High-value jobs have a low
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likelihood of being discarded by the mechanism when they reach the front of the
queue.

The delay intolerance parameter, d, represents how eager a user is to have other
preceding jobs discarded by the mechanism. This parameter can be thought of as
being in units of currency-per-second, where the amount of dissatisfaction that is
experienced by that user by waiting = seconds is x *d. The presence of many jobs
in the queue with high delay intolerance parameters would mean a high likelihood

of jobs being discarded by the mechanism.

4.1.2 Schedule Determination

When each job reaches the front of the queue, it is considered for running. This
decision is driven by the parameters associated with that job and the parameters
associated with the other jobs waiting in the queue.

Intuititvely, this decision function compares the value of the job in question
with the collective inconvenience borne by the other jobs waiting in the queue.

Symbolically, the decision to run job 7 can be represented as such:

JF#i
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discards, a <b
K*(a,b) = (4.3)

runs, a>b

If @ > b, job 7 is run by the scheduler. Otherwise, job ¢ is discarded and the
next job in the queue is considered.

It is important that this allocation decision can be made quickly, as the Ex-
pected Externality payment mechanism (discussed in the following subsection)
requires the recomputation of this function many times. The tractibility of this
decision is in fact what has necessitated the simplicity of the job metadata. We
would have preferred to be able to ask for any number of nodes when submitting
jobs, but optimally computing the effect on turnaround time of a given job in that
formulation becomes very hard. By assuming the number of nodes needed by each
job is equal to the number of nodes available on the resource, we can be certain
that the effect on turnaround time is equal to the length of the job in question.

In Chapter 6, we consider the relaxation of this characteristic.

4.1.3 Payment Computation

As discussed in Chapter 3, we are using the Expected Externality Mechanism

in this scheduler to provide incentives to users for being honest and accurate when
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submitting the parameters associated with their job. The theoretical properties
and history of this mechanism are discussed above in Section 3.4.1 of that chapter.

The Expected Externality Mechanism is budget balanced. In our scheduler,
running jobs pay currency to jobs that are waiting in the queue. The net effect of
this is that a job that waits in the queue and does not end up eventually running
leaves with more currency than it entered with. A job that eventually runs leaves
with less currency than it entered with.

Symbolically, the payment made by user i is (following notation from [9]):

Z U(Sb ’%*(tﬁ S—j)) - E&Li

I#j

<%) Y E.

JF

ZU(SJ.,K*@,S_Q)] (4.4)

j#i

where for a job [ at the front of the queue,

v, K*(tj,s—;) =runs
Ulsi, K" (5, 5-5)) = (4.5)

0, rK*(tj,s_;) = discards

and for any job [ not at the front of the queue,
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—d; * 1, K*(t;,s_j) = runs

U(si, k*(tj,5-5)) = (4.6)
0, K*(t;,s_j) = discard

In this expression, x* is the decision function described in Formula 4.3. t,, is
the parameter stated by job m (in the case of the frontmost job, this is the v, for
all other jobs this is d). In this expression, £;_ (x) refers to taking the expected
value of x over the possible parameter announcements of all jobs other than j.
In this sense, t,, and s,, are variables of similar type, the difference being that
t,, is the actual announced parameter of user m, whereas s, is the parameter
corresponding to job m that is drawn during the expected value computation. [
is the number of jobs in the queue. The function U quantifies the amount that a
user is affected by the allocation decision k* in terms of currency.

In our implementation, we use a Monte-Carlo sampling method for numeri-
cally evaluating the expected value computation. To do this, we repeatedly draw
samples from the parameter distribution associated with each user and use those
parameters to evaluate the expression inside the expected value. We then take
the arithmetic mean of the result produced by each draw as the expected value.
Because the expected value computation appears in both terms of the payment

function, and because there are no nested expected value expressions, we would
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expect the running time of the algorithm to scale O(n) linearly as we increase
the number of samples we draw when evaluating these expressions. In Subsec-
tion 4.2.2, we show results that confirm this expectation.

We expect the computation of the payment function to scale O(n?) cubically as
we increase the number of jobs in the queue. This is because the allocation decision
r* (Formula 4.3) scales linearly with the number of jobs, and its computation is
inside two nested loops whose size also scale linearly with the number of jobs. In

Subsection 4.2.2, we show results that confirm this expectation.

4.2 Results

In order to verify that our scheduler exhibited the characteristics predicted by
theory, we developed a simulator to test it. In simulation, we have the ability
to repeatedly run identical scenarios and compare the payoff seen by a user over
a range of different declarations. This allows us to experimentally determine
if honesty is really the optimal strategy when interacting with these payment
mechanisms.

The following experiments were conducted on a quad-processor Intel Xeon
running at 3.2 ghz with 1GB of RAM. The operating system was Debian Linux

version 1:3.3.5-13. The simulator was written in the Java programming language
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and was compiled and run with Sun Microsystem’s java distribution version 1.4.2-

03.

4.2.1 Incentives

In Chapter 3, we described how the Expected Externality Mechanism provides
theoretical guarantees that honest preference revelation is a Nash equilibrium,
meaning that it is an optimal strategy if all other participants are being honest.
In order to demonstrate empirically that our mechanism has this property, we
created simulated queues and explored the expected payoff for many different
preference declarations. It should be noted here that we cannot experimentally
prove that these mechanisms always incentivize honesty; that can only be done
theoretically. We can, however, repeatedly examine whether these preferences
hold in practice. In each case we have tested, our results show that expected
payoff was indeed maximized when users honestly declared their preferences.

Figure 4.1 shows an example of one such run. We created a participant at
the front of the queue whose preferences were defined by the parameter 129.8
(meaning the value of the job that was submitted). We then found the expected
payoff that the participant would see from randomly selected groups of other
participants for each of many declared types. As depicted in the graph, all other

non-honest declarations lead to either a comparable or lesser expected payoff for
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Figure 4.1: Expected payoff for a queued participant.

the participant in question. Each small dot in the graph indicates one expected
value computation, the large red dot indicates the average of the black dots for
each declaration.

Figure 4.2 is a similar graph for a participant further back in the queue. The
participant’s actual quantification of how much they dislike waiting an additional
hour is 48.9, but we explore the payoff seen when declaring many different values.
Similar to Figure 4.1, no other declaration produces a higher expected payoft.

As a result, both of these participants see no value from being dishonest, and

in this example honesty is a Nash equilibrium.
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Figure 4.2: Expected payoff for a user waiting deeper in the queue.
4.2.2 Performance

As mentioned above, we expect to see an O(n?) cubic relationship between
the execution time of the Expected Externality Scheduler and the number of
jobs currently waiting in the batch queue. Figure 4.3 depicts the results of our
experiments to test this. The solid line connects the data points that we measured
as we increased the number of jobs in the queue. The dashed line is an overlaid
cubic function (y = 0.5947 x 2® + 3424.42) that tightly fits the data with a Root
Mean Square Error of 4549.13. From the figure, as we increase the number of
jobs waiting in the queue, the running time of the algorithm scales in a manner

consistent with that predicted by theory.
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Figure 4.3: Demonstration of the O(n*) running time of the mechanism.

Some readers may notice that, while the results scale well, the absolute amount
of execution time required is quite high (to compute the payments with 244 queued
jobs, the simulator ran for over two hours). It is important to note that this
absolute execution time depends on the granularity of the expected value compu-
tations being performed. The tests in Figure 4.3 were done with very fine-grained
expected value computation and performed 1000 draws from the associated dis-
tribution for each of such computations.

In Figure 4.4, we demonstrate that this execution time can be reduced by
choosing a more coarse-grained level of expected value computation. We tested
the amount of time required by the mechanism on a simulated queue of 32 jobs

as we scaled the degree of granularity. Each data point in the graph represents
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Figure 4.4: Execution time with respect to the number of expected value draws

the execution time for each granularity level of expected value computation. The
figure clearly shows a linear relationship between the number of draws and the

resulting execution time.

4.2.3 Budget Balance

This reduced granularity does not come without consequences, however. In
Figure 4.5, we show the relationship between the expected value granularity level
and the degree to which the payments in the system balance out. Each dot in the
graph is the budget discrepancy divided by the total magnitude of payments in
the system. As described in Section 3.4.1, one of the advantages of the Expected

Externality Mechanism is that the sum of the payments in the system is zero. As
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Figure 4.5: Budget imbalance with respect to the number of expected value
draws.

we reduce the granularity, and as a result the accuracy, of these computations, the
consequence is a greater degree of budget imbalance. In this example, we found a
budget discrepancy of 7% when we used a very coarse-grained number of 8 draws.
The discrepancy continued to drop to below 1% for 1024 draws and appears to
asymptotically approach 0% as we increase this granularity further.

We see this performance tradeoff as a strength of the system. The expected
value granularity level provides a tunable parameter that allows us to trade pay-

ment accuracy for increased performance.
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Eliciting Honesty in Reservation
Systems

The best-effort batch queues discussed in the previous chapter are undoubtedly
the most common mechanism used today to allocate grid resources. Reservations
systems are a different approach, and while currently used to a lesser degree,
their use is increasing. As a result of their newness, some reservations made
today at supercomputing centers require direct administrator action to implement,
although this is likely to change in the future as these systems mature.

Like best-effort batch queues, reservation systems offer users a simple usage
model. Users make a request for resources to the system, and get back a guar-
anteed time slot. This runtime certainty is a convenience for users that batch
queues don’t provide. Resource administrators have historically been averse to
reservation systems, however, because giving users guaranteed time slots can lead

to gaps between jobs and, as a result, lower resource utilization statistics.
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As we did with batch queues in the previous chapter, we would like to be
able to have greater certainty in the accuracy of the metadata submitted with
jobs. Accurate metadata would allow us to schedule more accurately, as well as
make scheduling decisions based on previously-unavailable information such as job
importance.

From a mechanism design perspective, however, reservation systems are dif-
ferent than batch queues. Because of the strongly negative externality that con-
sumption incurs on others (as discussed in the previous chapter), the preferences of
users in a Batch Queue have externalities that do not exist in a reservation system.
Different uses of a resource at time ¢; has no effect on the happiness of a different
consumer of the resource at other times. The preferences in reservations systems
do exhibit more complex complementary and substitutive properties, however. If
we discretize the schedule of each resource, adjacent time units tend to be desired
by the same user (a complementary relationship), and many different sequences
of time blocks can satisfy the same job (a substitutive relationship).

A simple approach to this problem of applying a truth-revealing pricing mecha-
nism to the allocation of grid reservations, would be to discretize the time schedule
of each resource and to apply a combinatorial GVA to allocate it. For example,

user who wanted 3 hours of time before noon would place multiple, mutually ex-

clusive bids of (1AM and 2AM and 3AM for $5), (2AM and 3AM and 4AM
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Time
3:00 4:00

Figure 5.1: A depiction of the type of bids that can be expressed by a user in a
combinatorial auction.

for $5)..., etc. This technique loses no expressiveness and would achieve efficient
allocations, but would be NP-Hard to solve.

To take this approach would be to unnecessarily reduce the problem to one
with excessive expressiveness. In the DPGVA mechanism, bids can only request
contiguous segments of time and are indifferent between when they are (subject
to the deadline constraint). A combinatorial auction does not have these con-
straints, and is a stronger tool than is required. Instead of going this route, we
have developed a special-purpose dynamic programming algorithm for optimally

solving this scheduling problem in pseudo-polynomial time.
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Figure 5.2: A depiction of the type of bids that can be expressed by a user in
the DPGVA.

For example, compare Figures 5.1 and 5.2. In Figure 5.1, we see that the
Combinatorial Auction reduction allows us to place bids for any collection of time
slots, allowing non-contiguous bundles of time slots and allowing bundles to have
different values. Figure 5.2, on the other hand, shows how the DPGVA system
allows only contiguous time slots to be bundled, and we are indifferent to multiple
time slots (subject to deadline constraints). This stepping-back from a combi-
natorial GVA, and reducing the expressive power of the bids to something more
suiting grid reservations, allows us to avoid the intractability of a combinatorial

GVA.
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In addition to allowing only bids that suit grid reservations, the DPGVA reser-
vation system makes two simplifications that allow us to deliver a tractable, yet
truth-revealing solution: we mandate that the number of nodes requested by a
user must be equal to the number of nodes we are scheduling over, and we restrict
the granularity with which users specify time-units. The reason for both of these

restrictions will be discussed at greater length below.

5.1 Owur Reservation System

5.1.1 What users see

In the DPGVA reservation system, users place bids for computational time.
In these bids, users specify three values: the length of time needed ([), the dead-
line by which the job must be completed (d), and the value of the work being
performed (v). Users are guaranteed one of two outcomes: either they will get no
computational time and will be charged nothing, or they will get exactly [ amount
of time by the deadline d and will pay at most v. These bids are sealed, and must
be submitted before the scheduling period begins (i.e. if each day is scheduled at
midnight, the bids must be submitted the previous day).

In our current implementation, users place bids today for reservations sched-

uled tomorrow. In our simple bidding program, users simply indicate to the

58



Chapter 5. Eliciting Honesty in Reservation Systems

scheduler the amount of time they need, when they need it by, and the most they
are willing to pay for it. For example, a user that wished to request three hours
(180 minutes) of computing time, ending at 8am on November 21st, 2008, and

was willing to pay at most 500 credits for the time would submit:

$placebid 180 "2008.11.21 at 8:00:00" 500

One limitation of our scheme that will be explained at length below is that we
enforce some maximum granularity on the length of jobs and the deadlines that
can be specified. This granularity can be modified by administrators. For example,
if the maximum granularity were set to 15 minutes, allowable job lengths would
be 15, 30, 45, 60... minutes and allowable deadlines would be 1:00AM, 1:15AM,
1:30AM, 1:45AM,... etc.

The scheduler collects many such bids throughout the day, and at midnight it
computes the next day’s schedule. This reservation schedule is communicated to
PBS using the setres command. Users can then use the PBS command showres

to find when their job’s reservation has been scheduled.

5.1.2 Schedule Determination

Our dynamic programming algorithm builds a table of intermediate results,
starting on simpler instances of the problem and combining them to ultimately

solve the whole problem. As can be seen in Figure 5.3, this table has two axes, one
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being time and the other jobs. The time axis represents every time unit granule
during the discretized scheduling period. The job axis has one entry for each job
request submitted to the system. Each cell in the table (.J;, T}) holds the answer
to the question: what is the optimal scheduling of jobs from time T} to time T, if
we consider only jobs J; through J; (jobs are sorted by deadline). As such, when
the algorithm has completed, the answer to the entire optimal scheduling problem

will be held at (J,,,, T7).

Tt T Tk Th
I
J2
Ji
Im
Table position (J;, T)) contains the optimal
allocation of jobs up to J;, if the schedule

were to start at time Tk.

Figure 5.3: The structure of the table that stores intermediate results.

We build this table by starting at (J;,7,), and go from right to left, and then

top to bottom. The recursion relation (as depicted in Figure 5.4) is as follows:

60



Chapter 5. Eliciting Honesty in Reservation Systems

T, T Ty T,
Jq
Jo
t
f =
JI
‘Jm

Table position (J;_4, T}) contains the optimal allocation of jobs
up to Ji-1’ if the schedule were to start at time Tk.

Table position (J;_q, Ty_;) contains the optimal allocation of jobs
up to Ji-i’ if the schedule were to start at time Tk+t-

Table position (J;, Ty) is computed by comparing:

- The value of the job J; + the value of solution at (J;_q, Ty, )
- The value of solution at (J;_1, Ty)

Figure 5.4: The recursion relation. Each cell in the table is computed based on
the results computed in other cells.

compute(t, j){
if t=n, return empty;
if j=0, return empty;

a
b

value(j) + value(table(t + length(j), j-1));
value(table(t, j-1));

if (t+length(j)) > deadline(j)
return table(t, j-1);

if a > b,
return j + table(t + length(j), j-1);
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else return table(t, j-1);
}

Each cell contains the optimal solution to the sub-problem characterized by
its cell location (i.e. a list of jobs). The recursion relationship is simple. To
determine if j; is in the optimal solution of the sub-problem (J;, T}), we compare
two different sub-problems: (J;_1,T;) and (J;—1, Tg4¢) (where t is the running time
of job j;). If the total value of sub-problem (J;_1,T}) is greater than the total
value of (J;_1, Tky¢) plus the value of j;_1, then j;_; is not included in the solution
of (J;,Tk) and we use the result from (J;_1,7}). Otherwise, we take the result
from (J;_1, Tr4¢) and add j;_ to it.

As a result of the order in which we build the table, when computing each cell,
the cells it relies upon have already been computed. Consequently, the amount of
time needed to compute each cell is proportional to the size of the result stored,
and since this can be (worst-case) the number of jobs submitted, this time scales
O(m) linearly with respect to the number of jobs submitted.

So, because the table is of size n * m, and each step can take a maximum
of O(m) time, the complexity of building the table (and solving the problem) is
O(n xm?).

One limitation of our mechanism as it currently exists is its inability to handle

jobs that require different numbers of machines. So the mechanism works perfectly
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for allocating, say, 8-node jobs on 8-node resources, but does not currently handle
jobs of arbitrary size. This limitation is due to us currently lacking a dynamic
programming algorithm that allows arbitrarily-sized jobs.

As with other pseudo-polynomial algorithms, the actual magnitude of inputs
(e.g. job deadline, schedule size) has an impact on the running time of the al-
gorithm. As a result, one parameter that must be set when using the DPGVA
algorithm is the maximum specifiable granularity. This allows the mechanism to
schedule k discrete time units in the same amount of time, regardless of if those

units are sized in seconds or in days.

5.1.3 Payment Computation

As discussed in Chapter 3, the GVA payment expression can be represented

s (for more on this expression, please see Section 3.4.2):

S“ ZU Sj, K ZU Sj, K 317 —7,))

JF#i JF#i

In this expression, £* is the scheduling algorithm described in the previous section.
U is the codification of the user’s preferences. As described above, we consider
a user to get v value if his job runs before its deadline, d, and gets [ amount of

time to run. So we can express U as:
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vi, K*(t;,s_;) = runs
U(si, K" (i, 5-4)) = (5.1)
0, K*(t;,s—;) = discards

Once we have computed the schedule, x*, this utility function takes constant
time to compute. For m bids in the system, we need to compute m + 1 different
rk* allocations, one actual schedule, and m hypothetical schedules, each assuming
a different user had not participated. So, since we need to compute «* a total of
m times, and (as described above) each x* computation takes O(n *m?) time, we
expect the GVA payment computation to scale O(n * m?).

It should be noted that the schedule is already known after the actual x* is
computed, and it’s not necessary to wait until the payments have been computed
in their entirety to start jobs running. This allows us to start the schedule after
a relatively quick O(n * m?) schedule computation, and then perform the slower

O(n x m3) payment computation in parallel (or even at a later date).
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5.2 Results

5.2.1 Incentives

Without exhaustively testing the complete space of possible user behavior, we
can’t experimentally prove that a mechanism always incentivizes honesty. But
while we can’t prove this experimentally, we can use simulated experiments to
repeatedly verify that this is indeed the case in practice. In this section, we’ll
present the results of such simulations.

Figures 5.5, 5.6 and 5.7 show the results of one such simulation. In these
tests, we've created a pool of competing jobs and watched what happens to an
individual’s satisfaction with the allocation as we vary what he reports to the
mechanism. A user’s payoff is defined as his value of the amount of compute time
he received (in currency), minus the amount he had to pay into the system to get
it.

In all of these tests, there were 20 competing jobs. The number of units of
time that were being scheduled was 100. The deadline for these randomly created
jobs was selected from a uniform distribution of 0 to 100. The length of these
jobs was selected from a uniform distribution of 0 to 100. The value parameter

for these jobs was selected uniformly from 1 to 1000.
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Figure 5.5 shows the change in user satisfaction from varying the declaration
of the deadline of the job in question. This figure answers the question, “what will
happen to my satisfaction level if I were to lie about my deadline?” The deadline
of the job in question is in fact 90, and as this figure shows, reporting a deadline
other than 90 leads to the same or lower payoff. We don’t explore the payoff of
declaring deadlines greater than 90, because the user would potentially obtain

allocations that were useless (allocations that did not satisfy the user’s deadline).

800 [~

600 e e

Payoff

200 [~

1 L L L 1 L L L 1 L L L 1 L L L 1
0 20 40 60 80
Announced deadline (actual is 90)

Figure 5.5: The payoff seen by the simulated user over a range of possible
deadline declarations.

Figure 5.6 shows the change in user satisfaction from varying the declaration of
the needed running time of the job in question. This figure answers the question,

“Do I see any benefit if | exaggerate the amount of time I need?” The actual length
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of the job is 5, and as this figure shows, reporting a longer running time only leads
to a less desirable outcome. We don’t explore declarations smaller than 5, due to
the fact that jobs are allocated exactly their stated running time. Declarations

smaller than the actual running time would be useless to the job owner.
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Announced job length (actual is 5)

Figure 5.6: The payoff seen by the simulated user over a range of possible job
length declarations.

Figure 5.7 shows the change in user satisfaction from varying the value declared
when submitting the job in question. This figure answers the question, “Will I
benefit from being dishonest about the true value of my job?” The actual value
of the job is 950, and as this figure shows, reporting either a higher or lower value

does not improve the outcome for the job.
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Figure 5.7: The payoff seen by the simulated user over a range of possible job
value declarations.

5.2.2 Performance

In Section 5.1.3, we discussed how the DPGVA scheduling algorithm should
provide good scaling properties. In this subsection, we will present the results of
our tests on live servers to verify this. All of the following results were measured on
a quad-processor Intel Xeon running at 3.2 ghz with 1GB of RAM. The DPGVA
mechanism was implemented in Java, and executed on the Java HotSpot Client,
version 1.6.0.

As currently implemented, the DPGVA mechanism runs in a separate address
space from the rest of PBS. It exists as two components: a continuously running

server and briefly running clients that submit bids. The server component listens

68



Chapter 5. Eliciting Honesty in Reservation Systems

on a TCP port for client bid submissions throughout the day, and at the end
of the day executes the DPGVA algorithm to compute the next day’s schedule
and the corresponding user payments. The server then constructs a series of PBS
commands using the ”setres” command to communicate the next day’s reserva-
tions to the PBS scheduler. Users can then user the PBS command ”showres” to
find out when they have been granted access to the resource. For our tests, the
DPGVA software was run on the same hardware as the rest of the PBS software.
This is not necessary, however, and the DPGVA computations can be executed
on separate hardware.

Theory predicts that as we increase the number of bids submitted to the
mechanism, the amount of time necessary to compute the schedule scales O(n?).
In Figure 5.8, we present the measured results of what happens to computation
time as we increase the number of bids. In these tests, we schedule a six hour
period using a maximum specifiable time granularity of 15 minutes.

In addition to computing the schedule, the mechanism must also compute
the payments seen by each user. As discussed above, this computation involves
scheduling n different instances of the problem, each one supposing a certain bid
had not been present. As a result, computing the payments takes n times longer
than computing the schedule, yielding scaling complexity O(n?) with respect to

the number of bids. In Figure 5.9, the performance measurements for this com-
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Figure 5.8: The amount of time required to find the allocation of jobs, as we
vary the number of bids submitted.

putation can be seen. It should be noted that while these absolute numbers are
somewhat high, the job schedule does not depend this computation. So the jobs
can immediately begin running after computing the schedule, and the payments
can be computed separately in parallel.

As a demonstration of how positive these results are, we have recorded the
amount of time needed to do the GVA computations using a traditional brute-
force technique, rather than our dynamic programming solution. This brute-
force algorithm simply considers all possible orderings of jobs (subject to deadline
constraints), and selects the one with the highest aggregate job-value. As can

be seen in Figure 5.10, the amount of time needed for an exhaustive brute-force
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Figure 5.9: The amount of time required to find the payments of each user, as
we vary the number of bids submitted.

computation of the GVA quickly explodes as we increase the number of bids in
the system. Even at only 44 bids in the system, the brute-force algorithm requires
almost 8 minutes to compute the same set of payments that our DPGVA algorithm
finds in under 6 seconds.

One parameter that system administrators would likely want to adjust is the
time period over which the scheduling occurs. Depending on the target environ-
ment, they may want to be scheduling one day at a time, or one month at a time.
The analysis presented in Section 5.1.3 indicated that the running time of the
algorithm should scale O(n) linearly as we increase the time period over which we

are scheduling. As you can see in Figures 5.11 and 5.12, we see this linear increase
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Figure 5.10: Comparing the performance of a brute-force GVA implementation
to the DPGVA algorithm, while computing the payments. The dashed line is the
brute force algorithm and the solid line is the DPGVA results.

in practice. In these tests, we schedule 20 jobs using a maximum specifiable time
granularity of 15 minutes. Figure 5.11 presents the running time measured to
schedule the jobs as we increase the time period over which we are scheduling.
Figure 5.12 presents the running time measured to compute each users payemts
as we increase the time period over which we are scheduling. As you can see from
the results, both increase roughly linearly.

Another parameter that system administrators would likely be modifying is the
maximum time granularity used when users submit bids. Increased granularity
allows users with very small or very predictable jobs to get no more resource

than they need, while decreased granularity allows faster schedule computation.
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Figure 5.11: The amount of time needed to compute the schedule, as we increase
the length of time over which we are scheduling.

Figures 5.13 and 5.14 depict what happens as we increase the size of the smallest
schedulable unit. In these tests, we are scheduling 20 jobs over a six hour period.
The smallest schedulable unit is varied from 60 seconds to 900 seconds (one minute
to 15 minutes). Because the size of the smallest unit is inversely proportional
to the number of distinct schedulable time units, we would expect this data to
resemble the reciprocal of the data presented in Figures 5.11 and 5.12. As you
can see in the data, this is indeed the case, as both figures seem to scale O(1/n)

with respect to the size of the smallest unit.
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Figure 5.12: The amount of time needed to compute the payments, as we in-
crease the length of time over which we are scheduling.
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Figure 5.13: The amount of time required to find the allocation of jobs, as we
vary the size of the smallest scheduable unit.
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Figure 5.14: The amount of time required to find the payments of each user, as
we vary the size of the smallest scheduable unit.
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Chapter 6

Relaxing Theoretical Constraints:
Batch Queued Systems

As discussed in Chapter 3, both the Expected Externality Mechanism and the
Generalized Vickrey Auction assume that the allocation function in use is com-
pletely optimal. In chapter 4, we presented the results of our application of the
Expected Externality Mechanism to allocation in Batch Queues. In that chapter,
we remained completely faithful to that requirement by restricting allowable jobs
to only those that allowed us to tractably solve the allocation function x* opti-
mally. Specifically, we mandated that all jobs in the queue require exactly the
number of nodes available on the resource.

That restriction however, makes the scheme impractical for use on today’s
computational grids. Current batch queues weave together the execution of jobs

of many sizes, while using backfilling techniques to fit small jobs between the gaps
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of other larger jobs. Resource providers today expect a resource management
scheme to multiplex jobs of many different sizes on to one set of resources.

In this chapter, we examine what happens when we knowingly break the con-
straints of the EES mechanism in order to deliver this increased functionality. We
do this by replacing the optimal allocation function x* with a heuristic, ', which
provides results that are feasible but not optimal. For a diagram that graphically
depicts the relationship of this chapter to the chapters that surround it, see Fig-
ure 1.2. The heuristic that we have chosen is not an approximation algorithm,
as it makes no claims about how bad the worse-case results it provides are. We
do not see this as a serious weakness, however, because being able to bound the
accuracy of x would still violate assumptions made by the theoretical proofs of
the mechanism.

Adding the ability for users to indicate different job “widths” is not the only
feature the EES lacks that administrators would want. Administrators currently
have the ability to multiplex multiple queues on to one set of resources, which is
a feature the EES lacks. We believe this is somewhat mitigated, however, by the
fact that multiple queues are frequently used as a priority mechanism (i.e. a high-
and a low-priority queue). Since the EES has value and urgency semantics built

in, multi-queue features may not be necessary for some administrators.
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6.1 Relaxed-Constraint EES

6.1.1 What Users See

The relaxed-constraint EES has very similar semantics to the non-relaxed ver-
sion presented in chapter 4. Users submit four parameters along with every job:
called v, d, r, and n. The scheduler considers the jobs in First-in-First-out (FIFO)
fashion, and based on the submitted parameters, decides to either run the job or
to discard it. Like the traditional EES, a job accrues currency while waiting in
the queue and pays out currency if it runs when it reaches the front of the queue,
the net effect being that jobs which are eventually discarded by the mechanism
gain currency overall, and those that are run by the mechanism lose currency.

The v, d and r parameters are identical to the traditional EES. The first two
parameters are currency-based and indicate job priority: the value of the work to
be performed. v, and the tolerance of the user towards delay in total turnaround
time, d. Both v and d are specified in terms of a cluster-specific currency that
has been allocated by the administrators of the resource. The parameter r is
the expected running time of the job, in seconds. The parameter n, not present
in the traditional EES, is the number of nodes required by the job. Unlike the

traditional EES, The relaxed EES makes no restrictions regarding the allowable
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nodes requested by a job (other than being no greater than the number of available

nodes). For more information on the parameters v, d and r, see Section 4.1.1

6.1.2 Schedule Determination

When each job reaches the front of the queue, it is considered for running. This
decision is driven by the parameters associated with that job and the parameters
associated with the other jobs waiting in the queue.

Intuititvely, this decision function compares the value of the job in question
with the collective inconvenience borne by the other jobs waiting in the queue.

Symbolically, the decision to run job ¢ can be represented as such:

b = d;*delay(i) (6.2)
J#i

) discards, a <b
K (a,b) = (6.3)

runs, a>b

Where, delay;(i) is the difference between the starting time of job j in the

best-effort schedule (described below) including ¢ and the starting time if ¢ is
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discarded. So intuitively, d; * delay;(i) is a measure of how inconvenienced the
owner of job j is by the running of job ¢. If a > b, job ¢ is run by the scheduler.

Otherwise, job i is discarded and the next job in the queue is considered.

6.1.3 Computing Delay

In order to determine the inconvenience borne by other participants in the
queue, delay(i), we need to estimate the increase in turnaround time that some
job k will see, due to the running of job i. Determining this delay with complete
accuracy is a difficult problem. To demonstrate why, consider jobs ¢, j and k, with
job 7 at the front of the queue, and jobs j and k further back, with j before k. To
decide if job ¢ will run, we need to know the impact it will have on the turnaround
time of job k. To compute this, however, we’d have to know the schedule of jobs
that would result if ¢ alternately does and does not run. Knowing that schedule
would require us to know whether or not job j (before k) runs. Determining that,
however, requires us to know the impact 7 would have on k if it alternately did
and did not run. As a result, the brute force approach to computing this requires
considering sub-problems numbering in proportion to the power set of the set of
jobs in the queue. Since considering |2!| subproblems would not be tractable,
and since we are unaware of a more sophisticated algorithm that can solve this

problem more quickly, we will estimate this value.
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In order to estimate the delay effect that job ¢ has on job k, we make the
simplifying assumption that all jobs in the queue between ¢ and k will run. As a
result, our estimation becomes the difference between two schedules: one schedule
being the greedy insertion of all jobs into the soonest available spot (in queued
order), and the other being the same insertion technique, but with job i removed.

To do this, we use a data structure we refer to as the SegmentedFunction data
structure. This data structure allows us to answer the question: “what is the
soonest window where n nodes are available for ¢ seconds?” It is a linked-list,
where each node represents a segment of the positive real domain of a function
(in our use, the function returns the number of occupied nodes at a given time).
This list keeps the segments in sorted order, starting at 0. To add a segment to
this data structure, we traverse the list to find the affected nodes, and insert a
new node segment (thus taking linear time). To lookup the node availability at a
given moment, or to find the earliest window of n available nodes, we do a similar
list traversal, also taking linear time. Segment removal is not a feature we need
to support for our uses.

As a result, the time required to construct the schedule of a set of jobs I in this
manner (finding the first available n nodes, and inserting a new segment) takes

O(|I]?) time. Because the two schedules (containing and not containing i) can be
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reused when estimating the delay, computing b for use in equation 6.3 requires

only O(|7]?) time.

6.1.4 Payment Computation

As discussed in Section 4.1.3, we are using the Expected Externality Mecha-
nism to provide payments that will incentivize truth-telling in batch-queued sys-
tems. The theoretical properties and history of this mechanism are discussed in
Section 3.4.1.

The Expected Externality Mechanism is budget balanced. In our scheduler,
running jobs pay currency to jobs that are waiting in the queue. The net effect of
this is that a job that waits in the queue and does not end up eventually running
leaves with more currency than it entered with. A job that eventually runs leaves
with less currency than it entered with.

Symbolically, the payment made by user i is (following notation from [9]):

D U(si i (t,5-5)

I#i

— Es_i

> Ul(sy r (t, s_i))] (6.4)

JFi

(%) Y E,

JFi

where for a job [ at the front of the queue,

82



Chapter 6. Relaxing Theoretical Constraints: Batch Queued Systems

/ v, K (tj,5_j) = runs
Usi, ki (tj,5-5)) = (6.5)

0, & (t;,s ;)= discards

and for any job [ not at the front of the queue,

) —d; * delay, (i), K (tj,s_;) =runs
Ulsi, ki (t5,5-5)) = (6.6)

0, K (tj,s_;) = discard

In this expression, x' is the decision function described in Formula 6.3. t,, is
the parameter stated by job m (in the case of the frontmost job, this is the v, for
all other jobs this is d). In this expression, E,_(x) refers to taking the expected
value of x over the possible parameter announcements of all jobs other than j.
In this sense, t,, and s,, are variables of similar type, the difference being that
t,, is the actual announced parameter of user m, whereas s,, is the parameter
corresponding to job m that is drawn during the expected value computation. [
is the number of jobs in the queue. The function u quantifies the amount that a
user is affected by the allocation decision x  in terms of currency.

We expect the computation of the payment function to scale O(n*) cubically as

we increase the number of jobs in the queue. In Formula 6.3, computing (tj,5-;)
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takes O(n?) time and it is nested inside two loops that each scale linearly with n.
In fact, the allocation ' (tj,s_;) is the same for each of those innermost loops, and
is reused each time, so the scaling has the potential to be O(n?). Unfortunately,
the data structure we have used to store these intermediate schedules requires
linear-time lookup, so we see O(n*) scaling. This is discussed further in Chapter 9.

If " was making scheduling decisions on perfectly accurate information, rather
than on estimations, the Expected Externality Mechanism would be expected to
incentivize both truth-revelation and budget balance. In the following section we
will investigate to what degree these features remain, despite our breaking the

requirement of optimality.

6.2 Results

In order to verify that our scheduler exhibited the characteristics predicted by
theory, we developed a simulator to test it. In simulation, we have the ability
to repeatedly run identical scenarios and compare the payoff seen by a user over
a range of different declarations. This allows us to experimentally determine if
honesty is really the optimal strategy when interacting with these payment mech-
anisms, and to examine how the performance scales as we increase the number of

jobs in the system.
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The following experiments were conducted on a quad-processor Intel Xeon
running at 3.2 ghz with 1GB of RAM. The operating system was Debian Linux
version 1:3.3.5-13. The simulator was written in the Java programming language

and was compiled and run with the Java HotSpot Client, version 1.6.0.

6.2.1 Performance

In Section 6.1.4, we discussed why we expect to see the EES payment compu-
tation scale O(n*) as we increase the number of queued jobs. Figures 6.1 and 6.2
depict the results of our performance tests. In Figure 6.2, we present the amount
of time needed to compute the payments in the system, as we increase the number
of jobs in the queue. As you can see, it takes more than 30 minutes to compute
the payments for a job queue of length 64. While this is a somewhat onerous
burden, one thing to keep in mind is that the scheduling decision is computed
almost instantly, and it is the payments that take a long time. As a result, there
is no delay needed between jobs running, and these payments can be computed
in parallel, and (if needed) on separate hardware.

In order to elucidate the scaling differences between the original EES and
the relaxed version presented in this chapter, in Figure 6.2 we’ve taken the data
from Figure 6.1 and divided the execution time by the number of jobs®. As you

can see, the original EES flattens out at about 0.5, whereas the relaxed EES
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continues to grow. This indicates that the relaxed EES scales faster than O(n?)
while the traditional EES does not. In addition, this growth appears linear, which

is consistent with our expectation of O(n?*) scaling.

2x108 |-
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Figure 6.1: The execution time necessary to compute payments, as we increase
number of bids. The dashed line is the original, unmodified EEMS.

6.2.2 Incentives

In Chapter 3, we described how the Expected Externality Mechanism provides
theoretical guarantees that honest preference revelation is a Nash equilibrium,
meaning that it is an optimal strategy if all other participants are being honest.
In Chapter 4, we presented results demonstrating that the EES batch scheduler

retained these guarantees in practice. In this section, we will present our explo-
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Figure 6.2: The execution time necessary to compute payments, divided by
bids3, as we increase number of bids. The dashed line is the original, unmodified
EEMS.

ration of the incentives faced by users in the relaxed-constraint EES presented in
this chapter.

In order to demonstrate empirically that our mechanism has this property,
we created simulated queues and explored the expected payoff for many different
preference declarations. It should again be noted here that we cannot experimen-
tally prove that these mechanisms always incentivize honesty; that can only be
done theoretically. We can, however, repeatedly examine whether these prefer-
ences hold in practice. In each case we have tested, our results show that expected

payoff was indeed maximized when users honestly declared their preferences.
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Figure 6.3: The expected payoff for a user over different stated job values.

Figure 6.3 depicts the expected payoff seen by a participant as we explore a
range of different possible declarations of the v parameter. If our system were
properly enforcing truth-revelation, Figure 6.3 would see the data clearly peak at
the actual job value, 42.5. As you can see in Figure 6.3, the data loosely has a
regime of indifference up to about 60, after which payoff drops. The participant
doesn’t have a reason to deviate from the true value of 42.5, but the incentives
tat provide this are somewhat weak and noisy. This graph indicates that the
estimation technique has introduced a fair amount of noise, but that honesty still
roughly corresponds to maximized payoff. Also, outliers can be seen in the graph

that occur at non-honest values. These outliers may or may not present tempting

88



Chapter 6. Relaxing Theoretical Constraints: Batch Queued Systems

targets to motivate users to be dishonest. This is discussed at greater length in

Chapter 8.

Payoff

20 40 60 80 100
Stated Job Length (Actual is 7.18)

Figure 6.4: The expected payoff for a user over different stated job lengths.

Figure 6.4 is a similar graph, this time exploring the payoff seen over many
different stated job lengths. Because the EES will allocate exactly the amount
of time requested, we explore only potential length declarations greater than the
actual job length. In this case, the actual job length is 7.18 and ideally the
maximum would occur at this value. This graph shows much cleaner incentives,
as the user indeed sees his total payoff drop off quickly as he exaggerates the
amount of time he needs from the system.

Figure 6.5 is a similar graph, this time exploring the payoff seen over many

different stated number of nodes required. Similar to the job length parameter, we
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Figure 6.5: The expected payoff for a user over different stated Nodes needed.

only explore the declaration needing nodes greater than the actual nodes needed;
in our tests we assume that an 8node job will not be able to run on 7-nodes.
Figure 6.5 depicts the payoff that an 8-node job sees from the declaration of
needing increasing numbers of nodes. As can be seen, the highest payoffs result
from declaring the honest parameter (in this case, 8) to the system.

Figure 6.6 is a similar graph, this time exploring the payoff seen over many
different declarations of the d parameter, the user’s marginal dislike of waiting.
The incentives exhibited in the unmodified EES in chapter 4 were always weak. As
can be seen in Figure 4.2, the graph is dominated by a large regime of indifference.
This characteristic is present to a greater degree in the relaxed EES. In all of our

tests, the d parameter has had very little impact on user satisfaction, and in
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Figure 6.6: The expected payoff for a user over different stated marginal dislike
of waiting values.

Figure 6.6 it is completely flat. This is not surprising, as each individual’s d
parameter has only a small effect on the aggregate dislike of waiting, which is
what is used when making scheduling decisions. A parameter’s complete lack of
influence on the payoff seen by a user is referred to as being weakly truth-revealing.
This means that while there are no strong forces incentivizing honesty, there is

also no motivation to be dishonest.

6.2.3 Budget Balance

Figure 6.7 shows the relationship between budget imbalance (the degree to

which the payments don’t sum to zero), and the number of draws we use when
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computing the expected values in the payment function. As is similar to original
EES in Figure 4.5, increasing the thoroughness of the expected value computations
greatly improves the budget balance characteristic. Because the graph rapidly
approaches zero, the budget balance characteristic has survived the constraint-

relaxation process fairly well.

Budget Imbalance
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Number of draws

Figure 6.7: The budget imbalance, as we increase the number of draws used in
computing the expected values.
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Relaxing Theoretical Constraints:
Reservation Systems

As discussed in Chapter 3, both the Expected Externality Mechanism and
the Generalized Vickrey Auction assume that the allocation function in use is
completely optimal. In chapter 5, we presented the results of our application
of the Generalized Vickrey Auction to allocation in Reservation Systems. In
that chapter, we remained completely faithful to that requirement by restricting
allowable jobs to only those that allowed us to tractably solve the allocation
function * optimally. Specifically, we mandated that all jobs submitted require
exactly the number of nodes available on the resource. That restriction however,
makes the scheme impractical for use on today’s computational grids. Resource
providers today expect a resource management scheme to multiplex jobs of many

different sizes on to one set of resources.
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As we did in chapter 6 for batch queues, in this chapter we examine what hap-
pens when we knowingly break the constraints of the GVA in order to deliver this
increased functionality for Reservation Systems. Similar to chapter 6, we do this
by replacing the optimal allocation function £* with a heuristic, ', which provides
results that are feasible but not optimal. For a diagram that graphically depicts
the relationship of this chapter to the chapters that surround it, see Figure 1.2.

Whereas in chapter 6 we used a single-shot, best-effort scheduling function to
estimate effects on turnaround time, in this chapter we use an iterative search
function with an administrator-settable search depth. Like chapter 6, however,
this search function provides no bounds on the quality of worst-case results, and

as such is not an approximation algorithm.

7.1 Relaxed-Constraint DPGVA

7.1.1 What Users See

The relaxed-constraint DPGVA has similar semantics to the non-relaxed ver-
sion presented in Chapter 5. In the relaxed-constraint DPGVA reservation system,
users place bids for computational time. In these bids, users specify four values:
the length of time needed (1), the deadline by which the job must be completed

(d), the value of the work being performed (v), and the number of nodes needed
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(n). Users are guaranteed one of two outcomes: either they will get no compu-
tational time and will be charged nothing, or they will get exactly / amount of
time on n nodes by the deadline d and will pay at most v. These bids are sealed,
and must be submitted before the scheduling period begins (i.e. if each day is
scheduled at midnight, the bids must be submitted the previous day).

Aside from the ability to specify the number of nodes needed in the job, users
interact with the system in an identical manner to the original DPGVA. For more

information, see Section 5.1.1.

7.1.2 Schedule Determination

As discussed above, in this chapter we are replacing the optimal x* used in
chapter 5 with a non-optimal £ in order to tractably schedule jobs of non-uniform
node count. We use a simple scheduling heuristic to implement &', described as
follows.

In Section 6.1.3, we introduced the SegmentedFunction data structure and
described how we use it to greedily schedule jobs. The data structure allows us
to keep track of a schedule of jobs, and to find new windows of availability and
to insert new jobs in time scaling O(n) as we increase the number of jobs in the

structure.
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For scheduling in the relaxed DPGVA, we repeatedly randomize the list of
submitted jobs and greedily insert them into an instance of the SegmentedFunction
data structure, limiting the schedule to our 24 hour scheduling time horizon and
discarding all jobs that cannot be scheduled before their submitted deadline. As
we do this, we keep track of the schedule that has the highest aggregate value (v)
parameter. Each time we do this, we compare the aggregate value of the currently
considered schedule (the schedule resulting from a greedy insertion of randomly
ordered jobs) to the highest found thus far. If the considered schedule delivers
higher aggregate value than the previously-found maximal schedule, we replace
the maximal with the current. As a result, since each considered ordering of n jobs
takes O(n?) time (n linear-time insertions), we would expect the search algorithm
operating at search-depth m to scale O(m x n?).

As in Chapter 6, this x search heuristic provides no guarantees as to the
quality of the schedules produced, and as such is not considered an approximation
algorithm. We do not see this as a serious weakness, however, because being able
to bound the accuracy of x would still violate assumptions made by the theoretical

proofs of the mechanism.
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7.1.3 Payment Computation

In the relaxed DPGVA, payments are computed in a manner virtually identical
to the traditional DPGVA (and as presented in Section 5.1.3). Instead of the
optimal dynamic programming method (called x*) used in Chapter 5, we are
using the x" heuristic presented in the previous section. This yields the following

payment expression:

pilsis-i) =Y U(sj,h (0,54) = > Uls;, 6 (si,54))

ji J#i
U is the codification of the user’s preferences. As described above, we consider
a user to get v value if his job runs before its deadline, d, and gets [ amount of

time to run on n nodes. So we can express U as:

/ vi, K (ti, 5_;) = runs
U(Sz‘,li (ti,S_i)) = (7].)

0, K (ti,s_;) = discards

7.2 Results

In order to examine the extent to which these theoretical relaxations have

affected the properties of the mechanism, we’ve developed a simulator. Since we
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can know everything about simulated participants, and we can repeatedly examine
the outcome of slightly different scenarios, we can examine to what degree the
mechanism has retained desirable properties and we can measure the performance
of the system.

The following experiments were conducted on a quad-processor Intel Xeon
running at 3.2 ghz with 1GB of RAM. The operating system was Debian Linux
version 1:3.3.5-13. The simulator was written in the Java programming language
and was compiled and run with Sun Microsystem’s java distribution version 1.4.2-

03.

7.2.1 Incentives

As we’ve discussed, using the £’ heuristic invalidates the theoretical guarantees
of proper honesty incentivization. In this subsection, we’ll present data from our
tests to determine to what degree these incentives are still present. In each of the
incentives graphs, if the data peak near the actual value of the parameter, the
mechanism is incentivizing honesty.

Figure 7.1 depicts the expected payoff seen by a user over a range of possible
declarations of the v value parameter. The actual value of the job in question
was 470. As you can see from the graph, there is roughly a regime of indifference

between approximately 400 and 1000, and declarations lower than 400 tend to
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Figure 7.1: The expected payoff seen by a user, over many possible stated job
values.

produce less desirable outcomes. This indicates that, while there is a fair amount
of noise, there is no incentive for this participant to report his v parameter dis-
honestly.

Figure 7.2 depicts the same test, this time varying the the d deadline parame-
ter. The actual deadline of the job in question was 82. Because we assume these
deadlines are hard constraints and a user would see no value from a job that was
completed after its deadline, we only explore declarations lower than 82. As you
can see from the graph, declarations of deadlines lower than the actual value tend

to produce less desirable outcomes for the participant in question. So, this shows
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Figure 7.2: The expected payoff seen by a user, over many possible stated job
deadlines.

us that despite our changes to the mechanism, we still see fairly good (although
somewhat noisy) incentives for reporting the d parameter honestly.

Figure 7.3 depicts the same test, this time varying the the [ job length pa-
rameter. The test needs to be redone, so this paragraph is placeholder until that
time.

Figure 7.4 depicts the same test, this time varying the the n node count pa-
rameter. The actual number of nodes needed was 6. Because we assume that the
node count is a hard constraints and a user would see no value from a job that
was given fewer nodes than it requested, we only explore n declarations greater

than 6. As you can see from the graph, declarations of n greater than the ac-
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Figure 7.3: The expected payoff seen by a user, over many possible stated job
lengths.
tual value tend to produce less desirable outcomes for the participant in question.

This shows us that our changes to the mechanism to enable this n parameter have

retained their truth-revealing properties for this new parameter.

7.2.2 Performance

In Section 7.1.2, we presented the search heuristic and our expectation that
its exection time would scale O(m x n?), as we increase the search depth, m, and

the number of jobs, n. Figure 7.5 presents how our scheduling algorithm scales as

compared to the non-relaxed (optimal) DPGVA.
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Figure 7.4: The expected payoff seen by a user, over many possible stated job
nodes needed.

In Chapter 5, we discussed how the traditional DPGVA scheduling execution
time scales O(m?) as we increase the number of jobs. From Section 7.1.2, we
would expect the performance of the traditional and the relaxed systems to scale
similarly. In practice, as can be seen in Figures 7.5 and 7.6, the execution time of
the relaxed DPGVA seems to scale more slowly than the traditional.

The slower scaling in the relaxed system is likely due to the SegmentedFunction
data structure completely filling its 24 hour time window, and as a result its linked-
list stops growing. So, while the number of jobs that we are attempting to insert

into the schedule keeps growing, the actual number of jobs in the data structure
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stops growing, and the m number of linear-time accesses become m number of

constant-time accesses.

Original DPGVA
Relaxed DPGVA
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Figure 7.5: A performance comparison of the relaxed DPGVA to the original.

7.2.3 Effects of Search Depth

Search depth is a parameter in this system that can be set by the system
administrators. The greater the search depth, the longer the heuristic searches
for higher quality schedules.

Figure 7.6 depicts the effect that this parameter has on execution time. For
search depths 100, 1000, and 10,000, the execution time increases slightly in excess

of linear (as discussed in the previous section). At even search depth level 10,000,

103



Chapter 7. Relaxing Theoretical Constraints: Reservation Systems

25000 '_ Depth = 100
|l — Depth =1000
I — Depth = 10000

20000 [~
15000 [~

10000 [~

Computation time in milliseconds

5000 -

0 500 1000 1500
Number of bids

Figure 7.6: A depiction of how the search alogirthm’s performance changes with
respect to search depth

however, the system schedules 2000 bids in roughly 25 seconds, which is far better
performance than the traditional DPGVA exhibited in Chapter 5.

Figure 7.7 depicts the same performance numbers, but includes a performance
comparison to our brute-force solver. The brute-force solver operates in a similar
manner to the heuristic, but rather than randomly searching for quality schedules,
it exhaustively checks every possible ordering of jobs. As you can see in Figure 7.7,
the execution time needed for the brute-force technique rapidly explodes, as the
heuristics scale much more slowly (note that the y-axis is logarithmic).

The tradeoff for this improved performance, of course, is accuracy. Figures 7.8

and 7.9 show how the quality of the schedules produced degrades as we decrease
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Figure 7.7: A depiction of how the search alogirthm’s performance changes with
respect to search depth, including the brute force data.

the search depth. As you can see in Figure 7.8, for small numbers of jobs, the
quality of schedule produced is the same, regardless of search depth. As we in-
crease the number of jobs, however, increased search time yields better schedules.
It should be noted that for 14 jobs or fewer, a search depth of 10,000 produced
the optimal schedule in all but one test (the 12 jobs test).

Comparison with the brute-force technique is only possible for a low number
of jobs, as the brute-force solver scales very poorly (O(n!)). Figure 7.9 compares
the different search depths to each other for larger values. Each location on
the x-axis displays the amount of total wealth found by the heuristic for three

different search depths: 100, 1000 and 10000. A search depth of 100 tends to find
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Figure 7.8: A depiction of how the search alogirthm’s accuracy changes with
respect to search depth, including data from a brute force search mechanism

respectable answers, but increasing the search depth to 1000 and 10000 does yield
increased aggregate value in each case.

Increased schedule quality, of course, also matters to us in the effect it has
on the truth-revealing incentives faced by the participants. Figure 7.10 depicts
this relationship. As we increase the search depth (and as a result, the quality of
the heuristic), the incentives become increasingly powerful, with less noise and a
clearer maximum at value 470. Compare the blue (depth = 10000) dots to the
yellow (depth = 100) dots. The blue dots are more tightly distributed in a regime
of indifference surrounding the true value of 470, while the yellow dots seem to

peak near 300, and provide the participant payoffs both positive and negative.

106



Chapter 7. Relaxing Theoretical Constraints: Reservation Systems

35000
[ O Depth 100

@ Depth 1000
30000 [~ B Depth 10000

25000 |-

20000 |

Total Value Found
g
3

10000 |-

5000 |

R B | T B A IR B
200 400 600 800 1000 1200 1400 1600
Number of Bids Submitted

Figure 7.9: A depiction of how the search alogirthm’s accuracy changes with
respect to search depth

The reason for this can be seen in Figure 7.11. In this Figure, we display the
likelihood that the user’s job runs, over a range of different value declarations. For
all search depths, increasing the declared value of your job increases the likelihood
it runs. For low search depths, however, there is much more randomness in the
outcome. The blue (depth = 10000) dots show a reliable jump from almost never
being scheduled to almost always being scheduled at around v = 100. The yellow
dots, on the other hand, exhibit a great deal of unpredictability, as even if you

declare your job to have very low value it will still run roughly 30% of the time.
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Figure 7.10: The effect that search depth has on the incentives faced by partic-
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Figure 7.11: The effect that search depth has on the likelihood of a job running.
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Chapter 8

Discussion

The preceeding four chapters have presented the results of four different areas
of the design space that we have explored. In this chapter, we step back for a

broad discussion of issues that span these chapters.

8.1 Nash-Optimality and Honesty

As discussed in Chapter 3, the Expected Externality Mechanism does prop-
erly incentivize truth-revelation, but only for a Nash-optimal solution concept.
Nash-optimality is a weaker solution concept than the dominant strategy solution
concept. While dominant truth-revelation would mean a participant was incen-
tivized to be honest, regardless of the behavior of others, the Nash-optimal truth
revelation in the Expected Externality Mechanism is predicated on other partic-
ipants also honestly revealing their true valuations. If everyone is honest, then

honestly is optimal.
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Is this a realistic solution concept for our target environment? First, it should
be noticed that this is self-reinforcing. If everyone in the system is behaving hon-
estly, then it’s in everyone’s best interest to continue behaving honestly. Also, if
we have a pool of n participants who are behaving honestly, then after introducing
participant n 4 1 it’s still in everyone’s best interest to behave honestly.

One approach to deploying the EES would be to build the user community
slowly, starting with a small group of trusted individuals who can be expected not
to game the system. Additional participants could be added one-at-a-time, while
maintaining the truth-revealing equilibrium.

In the EES, it’s important that the participants believe the properties of the
system. Because the mechanism is only truth-revealing if everyone believes it’s
truth revealing (and acts accordingly), administrators must communicate this to
the users in a convincing manner. From this perspective, it is advantageous that
our targeted user community is composed of scientists. These users are likely to
have faith in a game-theoretic result, and may have the ability to verify the math

that underlies the mechanism if they so desire.
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8.2 Distribution of Preferences

Our work in Chapters 4 and 6 with the Expected Externality Mechanism as-
sumes that we have some knowledge of the distribution of participant preferences.
The mechanism does not require that the preferences conform to any particular
distribution, but does require that we know what the distribution is.

Determining this in practice would require harvesting large amounts of log
data about users. A statistical model would need to be built from this data,
predicting the likelihood of a job’s length, value, urgency, and (for Chapter 6) the
number of nodes needed. The correlation between these parameters would also
need to be understood.

This task is not trivial, but is feasible given that the scheduling software would
be at a central location and able to record this data. Additionally, the mechanism’s
truth-revealing properties would potentially produce log data that closely matched
the actual parameters.

This problem is connected to the issues discussed in Section 8.1. If we initially
deploy the mechanism using a semi-accurate preference distribution, and users
believe the mechanism to be truth-revealing, then the information we gather about

participant preferences will lead to a more-accurate preference distribution.
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This self-reinforcing characteristic is common with nash-equilibria in general,
and means that a pool of users and the mechanism that governs them can reach
a point of dysfunction, where users lack faith in other users or the distribution
of preferences used by the mechanism. To be clear about this self-reinforcing
characteristic, it is not an attractor, in the sense that the system will not gravi-
tate towards truth revelation if it is elsewhere, but if the system is at the nash-
equilibrium and each participant expects the others to behave in a truth-revealing
way, then that state is self-reinforcing. Techniques discussed in Section 8.1 can
be used to rebuild dysfunctional communities.

One big advantage of the GVA mechanism presented in Chapters 5 and 7
is that these issues are completely avoided. Those mechanisms use a dominant
strategy solution concept, and as such the strategies of each player do not depend

on the strategies employed by his competitors.

8.3 Preference Distribution in Simulation

In Chapters 4 through 7, we’'ve used simulation to test the properties of these
mechanisms. In all of these tests, we’ve had to produce random participants with

random preferences. Throughout these simulations, we've relied on a uniform
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distribution to simulate these random preferences. Real participants would almost
certainly have non-uniform preference distributions.

This assumption affects our results in a variety of ways. The results that are
affected the least, of course, are the performance numbers presented in all sections.
The parameter distributions would have a small effect on the size of some data
structures, and as a result we can’t say the performance is completely unrelated
to this assumption, but the effect would be minimal.

The incentivization graphs, on the other hand, are affected to a greater degree.
When computing the payments for the Expected Externality Mechanism, the
distribution of participant preferences directly affects the payment calculations.
As a result, our assumption of uniformness would be most likely to affect the
incentivization graphs for our work in batch queues. Theory predicts that the
incentives should hold for all distributions, so we don’t believe that the mechanism
would fail these tests if we had assumed different preference distributions. The
incentives may have different characteristics, however (indifference regimes may
be larger or smaller, for example).

The incentivization graphs for reservation systems would also be affected, but
to a lesser degree. The preference distributions are not considered when computing
the payments in the GVA, and as a result wouldn’t affect an individual run very

much. When testing the expected satisfaction of a declaration (the expected
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difference between a user’s satisfaction with the allocation and the amount he had
to pay), the distribution of competitors’ preferences will have an affect, however.
As a result, it’s likely that our assumptions of uniform parameter distributions,

while unrealistic, won’t have a major impact on our results.

8.4 Collusion

It’s important to note that neither the Expected Externality Mechanism, nor
the Generalized Vickrey Auction prevent users for colluding to game the system.
The truth-revealing results assume participants are acting alone.

As an example of how the Generalized Vickrey Auction can be susceptible
to collusion, consider two particpants who both value the same outcome with
maximal value. Since both of them value that outcome with very high value,
when the mechanism compares the effect of each of them entering the system,
it finds that effect is zero (both value it so highly, that it becomes the chosen
outcome every time). As a result, both participants would pay zero and would

get the desired outcome.
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8.5 OQOutliers in Incentives Tests

In Chapter 6, we presented results indicating that users still face truth-revealing
incentives, even after we’ve violated some of the mechanisms’ constraints. These
incentives were somewhat weaker, however, as the incentives graphs had a great
deal of noisiness. In generally flat regions we described as “indifference,” there
would be occasional high-end outliers at non-honest declarations. Strictly speak-
ing, any high payoffs at non-honest values don’t bode well for truth-revealing
incentives.

But in practice, we believe such values would not encourage dishonest behavior
in users. In order to determine exactly where any outliers would be, a strategizing
user would need to have accurate knowledge of the participants statistical param-
eter distributions. This information is gathered by administrators and used in the
Expected Externality payment computation. If administrators keep this informa-
tion private, this greatly reduces all users abilities to predict their competitors’
actions. Additionally, these outliers are surrounded on each side by non-outlier
values, so even if it were possible to identify points that our heuristics reliably
overcompensated, it would need to be done with a degree of accuracy that the

secret nature of the parameter distribution would prevent.
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Future Work

The work presented in this dissertation could be expanded upon in many
ways, but there are two broad areas of greatest interest. The first is real-world
testing involving actual users, and the second is more research to understand the

relationship between ' non-optimal allocation functions, and user preferences.

9.1 Real-World Testing

One significant difference between the Expected Externality Mechanism and
the Generalized Vickrey Auction is the solution concept used. As discussed in
Chapter 3, the Expected Externality Mechanism uses a Nash-optimal solution
concept, meaning that truth-revelation is only an optimal strategy if it is also
employed by the other participants. The Generalized Vickrey Auction, on the
other hand, uses a dominant strategy solution concept, where truth-revelation

is always the best strategy, regardless of the actions of others. These solution
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concepts are predictors of real world behavior, but they give no guarantees that
real people will act according to their predictions.

In the GVA-based systems in Chapters 5 and 7, will grid users act rationally
and divulge job metadata accurately? Or will they mistakenly believe they need
to underbid or overbid in some manner in order to get their fair share of re-
sources? Will users in the EEM-based systems in Chapters 4 and 6 have faith
that their competitors are divulging metadata honestly and act accordingly? Or
will cynicism prevail, and users will be left without a clear optimal strategy? To
what degree do the weaker incentives presented by Chapters 6 and 7 influence
the behavior of real participants? Are they more likely to attempt to game the
system?

The answers to these questions will ultimately affect the success of truth-
revealing grid scheduling mechanisms. In order to answer them, tests with real
users must be conducted. This is one natural and interesting area for future

research.
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9.2 Non-Optimal Allocation Functions and In-

centives

Another natural direction to further this research would be to better under-
stand the relationship between the s’ non-optimal allocation function and the
resulting incentives faced by users. In this work, we’ve seen the effects that two
different non-optimal allocation functions can have on incentives in Chapters 6
and 7. The non-optimal schemes we’ve tried are far from exhaustive, and it would
be interesting experiment with other such functions to understand the effects they
have on user incentives.

Do allocation functions with a greater degree of randomization make it harder
for participants to strategize and game the system? Do some allocation functions
have predictable quirks that produce exploitable allocations? Which allocation
functions do the best job of incentivizing honesty, and at what computational
cost do they come?

These questions would further the goal of delivering production quality, truth-
revealing grid scheduling systems, and their answers would be found by further

research.
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Conclusions

In the introduction, the following thesis question was asked:
Can we design grid scheduling systems that reward users for being
honest when submitting jobs, and can we do this while both retaining
much of the semantics of existing schedulers and adhering to the com-

putational tractability requirements of high-performance computing
centers?

To conclude this dissertation, we would say the answer to this question is
“Yes, but with caveats.” We've presented four “sweet-spots” in this design space
that deliver tractable, truth-revealing job scheduling while working within the
traditional batch queue and reservation system frameworks. Our solutions in
Chapters 4 and 5 tilted towards systems with stronger incentives while sacrificing
feature-set, for batch queues and reservation systems, respectively. The solutions
in Chapters 6 and 7 brought an expanded feature set (by eliminating the restriction

that the number of nodes for each job and the number of nodes on the hardware
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be the same) at the cost of the strength and clarity of the incentives presented to
the user.

Ultimately, the strengths of the four schemes presented in this dissertation
depend on the target user community. For a user community whose jobs were
primarily of node-count equal to that of the hardware, or whose jobs were very
flexible on node count, the schemes presented in Chatpers 4 and 5 are likely
preferable to those presented in Chapters 6 and 7. Since these users would not
benefit from the node-count relaxations, they would prefer to avoid the weaker
incentives that accompany those solutions. On the other hand, user communities
that had a great deal of heterogeneity with respect to job size would almost
certainly prefer the solutions in Chapters 6 and 7, as dealing with weaker incentives
is likely preferable to asking users to rewrite software to adhere to the fixed node-
count of the local hardware.

Similarly, a user community’s attitude towards best-effort batch queues and
reservation systems would likely determine a preference between the chapters.
User communities who have a great deal of hard deadline constraints, and who
greatly value predictability as to when jobs run, would likely prefer the reservation-
based solutions in Chapters 5 and 7. Chapters 4 and 6, on the other hand,

would be best for communities who lacked these hard constraints, and whose
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users preferred the more traditional and well-known semantics of best-effort batch

queues.
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