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Abstract

Performance Availability
for Networks of Workstations

by

Remzi H. Arpaci-Dusseau

Software systems for large-scale distributed and parallel machines are difficult to build.
When run in dynamic, production environments, not only must such systems perform correctly, but
they must also operate with high performance. Much of the previous work in distributed comput-
ing has addressed the design of large-scale systems that function correctly, in spite of correctness
faults of individual components [18, 49, 82, 86]. However, there has been little development of tech-
niques to tolerate performance faults – unexpected performance fluctuations from the components
that comprise the system. Due to this shortcoming, many systems are overly sensitive to perfor-
mance variations, in that global performance is high if and only if all system components perform
exactly as expected.

In this dissertation, we address this deficiency by formalizing the concept of performance
availability. Our hypothesis is that modern software systems must provide mechanisms to enable
performance availability. Without such mechanisms, global system performance is likely to be un-
predictable and substantially less than ideal. By furnishing application writers with the proper tools
to cope with common performance faults, robust system performance can be achieved.

To test our hypothesis, we present the design and implementation of River. River provides a
generic data-flow environment as a substrate for the construction of performance-robust applications.
Two novel, distributed algorithms form the heart of performance availability in River: a distributed
queue allows producers to flexibly move data to variable rate consumers, thus avoiding consumer-
side performance faults, and graduated declustering carefully allocates producer bandwidth across
consumers, similarly avoiding producer-side performance faults. In tandem, with no centralized
components or global information, these two constructs can be used to implement performance-
robust applications.

We demonstrate the utility and efficiency of the River environment and its primitives through
a series of simulation and implementation experiments. First, we rigorously explore the performance
properties of both the distributed queue and graduated declustering, establishing that they perform as
desired under a broad range of performance faults. Then, we apply the mechanisms to the construc-
tion of several data-intensive query-processing applications, transforming them into programs that
are robust to disk performance faults.
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Chapter 1

Introduction

The construction of robust, large-scale, production computer systems presents a formidable
challenge to systems architects. Although often designed and tested in the well-controlled settings
of a laboratory, such systems must perform correctly and with high performance in real-world, pro-
duction environments. The differences between the two surroundings are numerous: the former is
familiar, often running well-understood test-suites, and managed by local gurus with a zeal for pin-
pointing particular problems; the latter is much more dynamic, filled with unexpected variations in
workload and underlying hardware, with system managers who often are unaware of the specifics of
system operation.

The problem of attaining peak production performance is exacerbated by the methods used
to build modern systems. Such systems are often constructed from a patchwork collection of com-
modity hardware and software components, from low-level devices such as the main microprocessor
and disk drives up to the operating system, file system, and other support software. An extreme ex-
ample of such a system is a Networks of Workstations (NOW), an entirely commodity system built
by connecting a group of ordinary off-the-shelf workstations or PCs with a high-speed, switch-based
network [5]. Worse yet, each of these constituent elements is experiencing rapid increases in its indi-
vidual complexity, as recent processors consist of millions of transistors [122], and current operating
systems contain millions of lines of code [73].

The result of the proliferation of complexity is a difficulty of design along two separate
architectural axes: correctness and performance. A robust design must explicitly account for how the
correctness of the system will be affected when one of the underlying components fails unexpect-
edly. It should also take into account how global performance characteristics will be altered under
component performance variations.

Fortunately, much of the previous work in the field of distributed computing has addressed
the design of large-scale systems that can tolerate such correctness faults in individual compo-
nents [18, 24, 49, 61, 82, 86, 107, 114]. The practical notion behind such work is that distributed
and parallel systems consist of both hardware and software components that will periodically fail; a
system that works continuously on top of such unreliable components must be designed to operate in
spite of such failures. A good example is a RAID disk subsystem, which can tolerate the failure of a
particular disk and continue correct operation [52].

1



CHAPTER 1. INTRODUCTION 2

Missing from this large body of work is the notion of how the system as a whole will
function when one or more components does not perform as expected. Analogously, we term the
unexpected low performance of an entity a performance fault. Again, the RAID system presents a
good example; though we understand how various RAID configurations will perform when one or
more disks cease to operate, little is known about their global performance characteristics when one
or more disks deliver data correctly but more slowly than expected.

To capture this idea succinctly, we introduce the concept of performance availability. Just
as it is unrealistic to build a parallel system that functions correctly only when all underlying com-
ponents are functioning correctly, we believe that it is also unrealistic to build a parallel system that
performs well only when all constituent components are delivering peak or near-peak performance.

Thus, the thesis of this dissertation is that modern parallel and distributed systems must
provide the proper primitives to support performance availability. Use of such mechanisms enables
applications to deliver good global performance in the face of localized component performance
failures. As we shall see, systems without explicit mechanisms to cope with performance faults often
will run at the rate of the slowest component in the system, losing much or all performance advantage
gained through the use of multiple machines.

1.1 Motivation: A Case Study

To better motivate the problem of performance faults, we perform a simple experiment with
NOW-Sort [9], a high-performance parallel external sorting implementation for clusters. In develop-
ing the sorting application, many months were spent tuning the program to the various components
of the system: extracting peak bandwidth from the disk drives, optimizing the in-memory sort so
as to take near-zero CPU time, and choosing a communication pattern that scales to 100 machines.
The final sorting program was fast and efficient: NOW-Sort broke two world records, and held those
records for two years [60].

Unfortunately, while able to occasionally obtain peak performance from the system, NOW-
Sort usually did not. When running at scale, the performance of the application was in fact quite
unreliable [10]. Some investigation revealed the many causes of NOW-Sort’s performance problems:
one time it was an overly-full disk, another time an over-burdened CPU, and once even an over-taxed
memory system. These problems, which are quite common in production cluster environments,
occurred on just a handful of the machines. Unfortunately, NOW-Sort by its inherent design always
runs at the rate of the slowest machine in the cluster; it was a fast but fragile sort, and could not adapt
to changes in underlying component performance.

To demonstrate here the deleterious effects of performance faults on NOW-Sort, we per-
form the following experiment. In the experiment, the sort executes on 8 machines, and in each run,
we induce a performance fault on the sort on only one of those machines. The results from these
experiments are shown in Figure 1.1.

As we can see from the graph, each of the performance faults, induced on a single machine,
has a serious and detrimental global performance effect. If a single file on a single machine has poor
layout, placing data on the inner tracks of the disk versus the outer, overall performance drops by
a factor of 1.5. When a single disk is a hot spot, and has a competing data stream writing to it
throughout the run, performance drops by a factor of 3. An extra CPU load on any one of the
machines decrease performance proportionally to the amount of CPU they steal: stealing 25% of the
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Figure 1.1: NOW-Sort Performance Under Performance Faults. The graph depicts the best-case
performance of NOW-Sort, versus the performance under slight disk, CPU, and memory performance
faults. Each performance fault is induced on just a single machine, and in each case the effect on
overall performance is stark. All performance metrics are normalized to the ideal performance of
NOW-Sort, shown in the graph as the first bar labeled ‘Best Case’. The first two faults are disk
faults. The second bar, labeled ‘Poor Layout’, shows the performance of NOW-Sort when data is
placed on the inner tracks of the disk instead of the outer tracks. The third bar, labeled ‘Hot-Spot’,
shows overall performance when a load-imbalance via an extra write load is placed on a single disk
throughout the run. The next two performance faults are induced on the CPU. The ‘Light CPU’ bar
reflects performance when 25% of the CPU is taken away from NOW-Sort, and the ‘Heavy CPU’
bar when 75% is stolen. Finally, the last bar in the graph, ‘Memory Load’, shows the performance
of NOW-Sort when one machine has an extra memory load placed upon it, and begins to page. All
performance results are relative to the 8-node NOW-Sort, which reads and writes data at a near-
peak disk rate of 40 MB/s across all machines throughout the run, depending on the phase of the
application.
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CPU lowers performance by a factor of roughly 1.3, and utilizing 75% of just a single CPU reduces
performance by a factor of 4. Finally, when a single machine is given an extra memory load, causing
it to thrash due to a shortage of physical memory, performance drops by a factor of 5.

1.2 Problem Statement

We believe it is difficult and likely not cost-effective to construct a modern system that did
not suffer from performance faults. As system size and complexity increase, carefully controlling a
large-scale, general-purpose system becomes nearly impossible. Therefore, we approach the problem
in a different manner, by assuming the presence of such performance faults, and providing a substrate
that can operate well in spite of them. By altering our base philosophy, we hope to enable the
construction of applications that not only perform well in well-controlled experimental settings, but
also excel in more dynamic, production environments.

Thus, our refined problem is to provide the necessary and sufficient primitives to enable
the transformation of a given set of applications into programs that are robust to performance faults.
We argue that software systems for dynamic environments such as clusters must provide such mech-
anisms, or suffer the performance-fate of NOW-Sort.

To better understand the core issues surrounding performance availability, we focus on
data-intensive cluster applications. These types of programs comprise an important application class,
as they form the backbone of high-performance file services, database engines, and Internet ser-
vices [6, 26, 35, 56]. Performance availability is also more germane in this context, as these applica-
tions place stress on all components of the system, including the processor, main memory, network
components, and disks.

Given our broad agenda of converting standard data-intensive applications into their ro-
bustly performing counterparts, we are left with the more specific question of deriving mechanisms
that are necessary and sufficient to support such transformations. Further, we must also demonstrate
the efficacy of our primitives.

One assumption that underlies our work is that the applications we are dealing with are
parallel in nature. Rigidly-designed parallel applications, in fact, are particularly sensitive to perfor-
mance faults, as they are wont to run at the rate of the slowest node. Thus, the philosophy underlying
our approach is as follows: to avoid dependency on the run-time of any one particular component
when performing a global task.

Let us then view a parallel application as consisting of a set of many-producer to many-
consumer transfers. Producers generate data, and consumers obtain data and execute some set of
operations upon the data. To avoid performance faults in such transfers, we must provide producers
with a method to move data to faster consumers and avoid slower, performance-faulty consumers.
Analogously, we must provide consumers with a mechanism to obtain data from faster producers,
and avoid slower, performance-faulty producers.

1.3 River

As a substrate for robust application development, we design and implement River, a data-
flow programming environment for I/O-intensive cluster applications. The goal of River is to pro-
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vide maximal performance to I/O-intensive applications in the common-case. Two distributed data-
transfer mechanisms form the heart of performance availability in River: a distributed queue balances
work across consumers of the system and graduated declustering dynamically adjusts the load gen-
erated by producers. In tandem, these constructs can be used to fashion applications that tolerate a
range of common and otherwise detrimental performance faults.

The first significant component of River is a high-performance distributed queue imple-
mentation. River uses distributed queues to let data flow between operators at autonomously adaptive
rates: at any given time, each producer places data into the distributed queue as fast as it can, and each
consumer takes data from the distributed queue as fast as it can. By interposing distributed queues
between operators in a data flow, load is naturally balanced across consumers running at different
rates. An advantage of this simplicity is the lack of global coordination required: consumers can
change their rate autonomously over time, without communicating with other clients. The result is
full-bandwidth, balanced consumption: all available bandwidth is naturally utilized at all times, and
all consumers, including those suffering from performance faults, complete near-simultaneously.

The second important aspect of River is a flexible, redundant disk layout and access mech-
anism called graduated declustering. A generalization of a mechanism proposed for early parallel
database systems [64], graduated declustering allows the task of data production to be shared among
replicated producers in a flexible fashion. Graduated declustering mirrors large sequential collections
on the disks of different producers. During data flow, a producer multiplexes its I/O bandwidth across
all the data sets it is currently handling, to ensure that it produces its share of the global bandwidth
available for each collection. The result is full-bandwidth, balanced production: all available band-
width is utilized at all times, and all producers, including those suffering from performance faults,
complete near-simultaneously.

1.4 Evaluation Methodology

Given our two data-transfer primitives, we first demonstrate that they are efficient in their
specific tasks. We do so via the combined use of both simulation and implementation. We utilize sim-
ulation to understand the idealized properties of the mechanisms, and to show that both algorithms
behave as desired. We then measure the behavior of each in a prototype implementation, demonstrat-
ing that both the distributed queue and graduated declustering translate well into an actual cluster
environment.

To show that both mechanisms are necessary and sufficient, we design and implement a set
of performance-robust applications. Though this will not serve as a formal proof that the distributed
queue and graduated declustering are complete, it is a demonstration via artifact that a small set of
important applications can be transformed into their performance-robust counterparts.

1.5 Contributions

We now summarize the main contributions of this dissertation. They are:

• The introduction and definition of performance faults, performance-fault tolerance, and per-
formance availability. Though researchers have long understood the value of building applica-



CHAPTER 1. INTRODUCTION 6

tions and services that are robust to correctness faults, the same type of effort must be applied
to ensuring programs behave well under performance faults.

• The design of two particular performance-robust primitives: the distributed queue and gradu-
ated declustering. Each of these primitives is designed to solve a particular aspect of the per-
formance availability problem; distributed queues are used to avoid consumers suffering from
performance faults, whereas graduated declustering is utilized to circumvent the ill-effects of
performance-faulty producers. In tandem, the primitives can be used to tolerate a wide range
of performance faults. At the heart of both mechanisms are novel distributed algorithms, re-
quiring no centralized control.

• A thorough evaluation of both the distributed queue and graduated declustering, via simulation
and implementation. Given our two mechanisms, we demonstrate that the algorithms behave
as desired, successfully avoiding performance faults in consumers or producers. We also show
that the implementations are lightweight, adding little overhead to basic messaging costs.

• The construction of performance-available data-intensive database primitives. We demonstrate
that the performance-robust mechanisms are effective in forging programs that can tolerate
performance faults.

1.6 Outline

The outline of the rest of this dissertation is as follows. Chapter 2 defines our basic ter-
minology of performance faults, performance-fault tolerance, and performance availability, and de-
velops a simple model of how the ideal system should behave under performance faults. Then, in
Chapter 3, we cover related work, building a case for the need for performance availability by docu-
menting the existence of performance faults in many previous efforts. Chapters 4, 5, 6, and 7 present
the design of the River system, as well as the two core performance-robust mechanisms, the dis-
tributed queue and graduated declustering. We then describe a simulation environment and other
experimental details in Chapter 8. Chapters 9, 10, and 11 present a thorough analysis of both the dis-
tributed queue and graduated declustering, via simulation and implementation results. We then apply
the core mechanisms to transform a set of database query-processing primitives into their robust
counterparts in Chapter 12, and we conclude and discuss future directions in Chapter 13.



Chapter 2

Modeling Performance Under
Performance Faults

Before describing our system design, implementation, and performance characteristics, we
now formalize the concepts of performance faults, performance-fault tolerance, and performance
availability. We utilize definitions from the field of reliable systems design to guide our discussion,
drawing heavily from [24, 61, 107, 114].

We also develop a simple model of the behavior of an ideal system under performance
faults. In later chapters, by comparing experimental or simulation results to the behavior of an ideal
system, we are able gauge how well our actual algorithms and implementations are functioning. Of
course, in practice, real or even simulated systems do not always meet this ideal; the goal of the
implementations described in this dissertation will be to approximate the ideal system, taking real-
world factors such as complexity of design into account.

2.1 Definitions

2.1.1 Performance Faults

In the field of fault tolerance, a component is considered faulty “once its behavior is no
longer consistent with its specification [107].” Most work subdivides faults into the following two
different representative classes. Byzantine failures are described by Lamport as follows: “The com-
ponent can exhibit arbitrary and malicious behavior, perhaps involving collusion with other faulty
components [77].” These represent the most general class of failure. Schneider describes a weaker
failure mode known as Fail-stop failures: “In response to a failure, the component changes to a state
that permits other components to detect a failure has occurred and then stops [107].”

By analogy, we define a performance fault as follows. A component is said to suffer from a
performance fault when its level of performance is less than its specified performance level 1. As with

1Note that an increase in performance could also be considered a performance fault. However, because we have never
observed such behavior, we do not deal with that case explicitly.

7
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correctness faults, performance faults come in different forms, as described below. We sometimes
refer to a performance fault as a perturbation to the component.

One departure from the field of reliable systems is the difference between the generally
discrete nature of correctness faults, e.g. working or not working, and the continuous nature of per-
formance faults. Because we are concerned with the continuous domain, we must have a way in
which to distinguish a severe performance defect from a mild one.

Assume that a device is expected to deliver performance at some level Ppeak while unper-
turbed over a given time interval of interest. When the device is suffering from a performance fault,
the fault uses some amount of the available resources. We term the rate of performance of the fault
Pfault, where Pfault < Ppeak . Thus, for a given resource R that is undergoing a performance
fault, we can view the fault as an entity that utilizes some given portion of the resource, akin to an
application that utilizes the resource. When undergoing a fault, the rate of performance of the device
drops to Ppeak − Pfault.

To characterize the strength of a performance fault, we define the fault utilization as:

Ufault =
Pfault

Ppeak

. (2.1.1)

The value of the fault utilization ranges from 0 to 1. Note that a fail-stop correctness fault is a special
case of a performance fault, where Ufault = 1 (Pfault = Ppeak).

Devices can exhibit performance faults for different lengths of time; we label the time char-
acteristics of a performance fault the fault duration. Performance variations may be relatively long
term; for example, a file whose blocks are placed poorly on disk may deliver much less performance
than expected, but do so consistently. Variations may also be intermittent; a daemon may need to
flush data to disk periodically, and in those moments reduce effective disk bandwidth for other ap-
plications. Within this dissertation, we will focus on the former case; variations that are dynamic but
likely long-lived. We believe those are the most common types of performance faults for clusters, as
we will document in Chapter 3.

Anomalous performance has been largely ignored by most of the research literature; how-
ever, a few researchers have observed it in limited domains. The unexpected run-time of an appli-
cation due to processor performance intricacies has been labeled a performance anomaly by Kush-
man [76], and minor, periodic performance fluctuations due to hardware oddities have been classified
as a form of interference by Gray [43].

2.1.2 Performance-Fault Tolerance

Schneider states that “a system consisting of a set of distinct components is t fault tolerant
if it satisfies its specification provided that no more that t of those components become faulty during
some interval of interest [107].”

Similarly, we say that a system consisting of a set of distinct components is t performance-
fault tolerant if it delivers peak performance provided that no more than t of those components suffers
from a performance fault during some interval of interest.
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2.1.3 Performance Availability

Siewiorek defines availability as follows: “The availability of a system as a function of
time, A(t), is the probability that the system is operational at the instant of time, t [114].” Gray
and Reuter’s definition is not probabilistic, but does include a performance requirement: “System
availability: The fraction of the offered load that is processed with acceptable response times [61].”

The difficulty with the former definition is that we are left to define “operational”. Does an
operational system have certain performance requirements? Gray’s definition addresses this concern
directly by including an “acceptable response time”. However, the definition is still too coarse-
grained for our purposes.

Thus, we define the performance availability of a system as follows: the performance
availability of a system as a function of time, PA(t), is the fraction of peak performance that the
system delivers at time t. Thus, in order to compute the performance availability of a system, this
definition requires us to understand its peak performance potential, e.g., how an ideal system would
perform.

2.2 Behavior Under Faults: A Model

Therefore, we next develop a simple piecewise-linear model of how overall performance of
an ideal system should be affected under a given set of performance faults, as we increase the number
of components on which the fault occurs. Throughout this dissertation, we will use this model to
explicitly evaluate the performance-fault tolerance and performance availability of the system. For
simplicity of notation, we assume that the same performance fault occurs on each faulty component;
this restriction could be relaxed if desired. By comparing real system performance to that of this
idealized model, we gain insight into our system’s performance characteristics.

Assume that an application A that we are observing on the system normally runs at a
performance level Papp on a given resource R during some period of interest. For example, if A
were an I/O-intensive application, Papp might be the rate that A reads data from a single disk during
a read phase. As above, Ppeak is the peak rate of that resource, and Pfault is the performance level
of a performance fault. An application uses Papp

Ppeak
fraction of the resource when unperturbed; we call

this the application utilization of the resource, Uapp.
In general, we will induce an increasing number of performance faults into a system, and

monitor the performance level of the system under those faults. We plot the results on a graph we
term the performance availability spectrum. Along the x-axis of the graph, we increase the number
of components that are experiencing the given performance fault. The y-axis plots overall system
performance, as a ratio of peak performance under non-perturbed “perfect” conditions. Thus, if
performance of the application for the period of interest is denoted P (f), where f is the number of
faults in the system, the graph plots P (f)

P (0) , while increasing f along the x-axis. Figure 2.1 depicts the
spectrum.

The first point of interest that we will derive is labeled xloss in Figure 2.1. At this point,
the perturbed resource R is fully utilized across all components in the system. Up to that point, the
perfect system will be able to move work elsewhere, and should not suffer any performance loss. It
can thus be said that the system is xloss performance-fault tolerant, as seen in the graph as a flat line
at 1 up to the point xloss.
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Figure 2.1: Performance Availability Spectrum. Overall performance under an increasing num-
ber of performance faults is shown. Along the x-axis, the number of components experiencing the
performance fault is increased up to the maximum number of components in the system, p. Overall
system performance, as a fraction of ideal performance in a setting free of performance faults, is
plotted on the y-axis.

We now solve for xloss. At this point, we know that 100% of resource R is utilized across
all p components; thus, the sum of the application’s resource usage and the perturbation’s resource
usage across all p components should be equal to p:

(p ·
Papp

Ppeak

) + (xloss ·
Pfault

Ppeak

) = p. (2.2.1)

Solving for xloss, we arrive at:

xloss =
Ppeak − Papp

Pfault

· p. (2.2.2)

Rewritten in terms of utilization, we obtain:

xloss =
1 − Uapp

Ufault

· p. (2.2.3)

We now present a simple example to make this more concrete. Imagine that the CPU is
the resource of interest. Assume that a parallel application runs on 16 CPUs in a cluster, and that
each process of the application utilizes 75% of the CPU in an unperturbed system; thus, Papp

Ppeak
is

0.75. Assume that the performance fault we are interested in has a fault utilization Pfault

Ppeak
of 0.5;

therefore, the fault utilizes 50% of the CPU. By substituting these values into the equation, we arrive
at xloss = 8. Thus, when more than half of the CPUs are perturbed, we expect performance to
become less than 100% of peak. At this point, the application uses 75% of each of 16 CPUs, or 12
full CPUs’ worth (16 · 0.75 = 12). The performance fault, when occurring on 8 CPUs, uses a total
of 4 CPUs worth of resources (8 · 0.5 = 4). Thus, total CPU utilization under 8 performance faults
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is (16 · 0.75) + (8 · 0.5) = 16; in tandem, the application and the faults are utilizing the complete
set of 16 CPUs. Any additional performance fault will result in application slowdown.

We can also make a few general observations. First of all, xloss degenerates to 0 when
Uapp =

Papp

Ppeak
is equal to 1. This observation matches intuition – when the application uses 100% of

the resource in the unperturbed case, any additional perturbation to the system will lead to a loss of
overall performance. Without excess resources, a system is said to be 0 performance-fault tolerant.

Second, in the other extreme, if Papp + Pfault < Ppeak (Uapp + Ufault < 1), xloss

is greater than p. In that case, the sum of the application resource utilization and performance-fault
resource utilization does not match the total amount of resources available, even with all components
under perturbation. Therefore no slowdown is experienced by the ideal system. Such a system is said
to be fully performance-fault tolerant.

The other point of interest in Figure 2.1 is the y value when all p components in the collec-
tion are experiencing the performance fault. We call the y-axis value yall, to denote the performance
level of the ideal system when all p components are suffering from performance faults.

We now derive yall. At this point, all p components are under perturbation. Thus, the
amount of performance that each node can deliver under perturbation is Ppeak − Pfault. From this,
we can calculate yall directly by observing that application slowdown, when resources are over-taxed,
is the performance that can be delivered divided by the performance needed by the application:

yall =
Ppeak − Pfault

Papp

. (2.2.4)

This can also be written in terms of utilization as follows:

yall =
1 − Ufault

Uapp

. (2.2.5)

For example, if our application utilizes 75% of the CPU and the performance-fault utilizes
50%, when all nodes are perturbed, total ideal system performance will be 1−0.75

0.50 = 2
3 .

In general, as application needs increase, the value of yall decreases. Similarly, as the fault
utilization increases, yall decreases.

Finally, now that we have the two points of interest, we can derive the slope of the line that
connects them, and thus express expected ideal system behavior in closed form:

y =

{

1 0 ≤ x ≤ xloss

( yall−1
p−xloss

) · x + [1 − ( yall−1
p−xloss

) · xloss] xloss ≤ x ≤ p
(2.2.6)

From the model, we see how to judge whether a given system is performance-fault tolerant
under a given set of performance faults. To determine the performance availability (PA(t)) of a real
system, all one needs to have is knowledge of the frequency and duration of performance faults, and
combine that with the performance availability spectrum.

2.3 Examples

We now present three examples of potential system behavior under performance faults in
Figure 2.2, to better illustrate what actual performance availability spectrums might look like. The
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performance of all of the mock systems is plotted against ideal system performance for the sake of
comparison.

The first example in Figure 2.2 is a system that cannot tolerate any performance faults to the
component under perturbation. Therefore, if all components are operating as expected, performance
is excellent, but if just a single component suffers from a performance fault, global performance
immediately drops to the level of that single perturbed component. Subsequent performance faults
do not worsen the already bad situation. Many real systems exhibit this type of behavior, as they are
designed to function only in highly-controlled though perhaps unrealistic environments.

In the second example, we observe a system that is t performance-fault tolerant. Thus,
performance is ideal and at 100% with t or fewer performance faults in the system. However, when
more than t faults take place, system performance drops sharply to the lowest level. This style of
system has a fixed amount of adaptability, but its performance does not degrade gracefully.

Finally, the third example shows a system that can tolerate xloss performance faults, and
degrades gracefully with s or fewer faults occurring. We call this system xloss performance-fault
tolerant and a system that degrades gracefully under s performance-faults. Even though the system
behaves ideally until there are s performance faults present, the system is still said to be only xloss

tolerant, because 100% of peak performance is not delivered after xloss faults take place. System
performance drops off sharply with more than s performance faults. The system that we develop will
hopefully fall into this category.

2.4 Summary

In this chapter, we have developed a formalization of the concepts of performance faults,
performance-fault tolerance, and performance availability. To better understand the performance
properties of systems under performance faults, we have developed a piecewise-linear performance
model of the ideal system. By plotting system performance against the ideal model, we can judge the
overall performance-fault tolerance and performance availability that the system under test provides.
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Figure 2.2: System Performance: Examples. Three examples of system performance under per-
formance faults are presented. In the first, we depict a system that cannot tolerate any performance
faults. The second shows a system that is t performance-fault tolerant, and the third presents a system
that is xloss performance-fault tolerant and ideal under s performance faults.



Chapter 3

The Case for Performance
Availability

In this chapter, we build the case for performance-available systems by examining related
work. First, we demonstrate that long-lived performance variations are common in modern plat-
forms; surprisingly, these unexpected fluctuations in performance occur even in well-controlled re-
search environments. Then, we inspect previous parallel I/O systems, databases, and programming
environments, and discuss how well these systems adapt to underlying component performance vari-
ations.

3.1 Performance Faults

When utilizing a large collection of processors or disks, ease of programming often leads
to simple, static uses of parallelism. For example, parallelism in disk arrays often comes in the form
of striping [71], where disk blocks are distributed in a fixed, round-robin manner across the disks
of the system, based on a simple “address modulo disk-count” calculation. In parallel databases,
similar static techniques such as range-partitioning and hash-partitioning are often utilized [23, 42,
55], distributing keys to machines based on static functions of key value.

The problem with static uses of parallelism is that they make stringent performance as-
sumptions of the underlying components of the system. The higher level system assumes that each
underlying component will deliver performance in some pre-defined and consistent manner. How-
ever, if just one processor or disk does not perform as expected over a sustained period of time, the
performance of the entire system can be severely affected. Performance faults break the performance
assumptions of higher-level systems, and thus can cause detrimental global performance effects.

Unfortunately, due to the increasing complexity of modern processors, disks, and other
devices, consistent performance is increasingly unlikely, especially from a large set of components.
The basic question we will attempt to answer in this section is: can modern system components be
expected to perform consistently? Do performance faults occur in practice? If so, how often do
they occur, and what is their duration? Although we are mostly concerned with disk performance

14



CHAPTER 3. THE CASE FOR PERFORMANCE AVAILABILITY 15

properties, we will also cover other examples of performance variations, in an attempt to understand
which subsystems performance faults occur within.

3.1.1 Processors

We begin our examination with an inspection of the performance characteristics of modern
processors. The processor industry has kept pace with Gordon Moore’s prediction of transistor count
doubling roughly every 18 months, leading to amazing improvements in performance over the past
twenty years.

The cost of this innovation has been a severe increase in device complexity. More so-
phisticated speculation and prediction mechanisms have found their way onto processor cores. Not
surprisingly, complexity, while sometimes providing higher peak performance, is often the enemy of
consistent performance.

UltraSPARC processor: The Sun UltraSPARC-I processor is a second-generation RISC processor
from Sun Microsystems [122]. In his masters thesis [76], Kushman discusses performance anomalies
that occur inside of the UltraSPARC-I processor. By his terminology, a performance anomaly is an
unexpected run-time behavior of a program. Three types of performance anomalies are discussed:

• discontinuity: a small increase/decrease in work leads to a disproportionately large change in
run time.

• nonmonotonocity: an increase in work decreases run time, or vice-versa.

• nondeterminism: executed twice, a program exhibits different run times.

Kushman finds that the implementation of the next-field predictors, fetching logic, group-
ing logic, and branch-prediction logic of the UltraSPARC-I all can lead to performance anomalies.
Simple code snippets are shown to exhibit non-deterministic performance. The manner in which
instructions align in cache blocks is one of the main causes of such strange performance properties.
However, in many cases, the addition of as little as a single instruction can reduce the run-time by a
factor of three, and remove the nondeterminism entirely.

What this work demonstrates is that processor performance anomalies are likely to become
more common in modern processors. Only with a highly sophisticated and detailed understanding of
low-level architectural features could a programmer or compiler possibly avoid such anomalies. In
fact, the exact cause of two of the four anomalies remains unknown, though methods to avoid them
were found.

HP PA-RISC processor: The PA-RISC is the Hewlett-Packard RISC processor [109], introduced
in 1985. In their work on replicated fault-tolerance, Bressoud and Schneider find that the PA-RISC
exhibited non-determinism in its TLB replacement policy:

“The TLB replacement policy on our HP 9000/720 processors was non-deterministic.
An identical series of location-references and TLB-insert operations at the processors
running the primary and backup virtual machines could lead to different TLB contents.”
[25], page 6, paragraph 2.
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The reason for the nondeterminism is not given, nor does it appear to be known, as it surprised
numerous HP engineers. Obviously, different TLB contents will affect application performance.

The authors also found that the HP cache mechanism would map out certain “bad” lines of
the cache to improve the yield of the processor [108]. Thus, the same application running on seem-
ingly identical processors could produce significantly different performance characteristics, based on
which exact lines of the cache were active.

SPARC-10 processor: The predecessor to the UltraSPARC-I processor from Sun was the Viking
series of processors [63]. In [7], the cache size of each a set of Viking processors is measured via
micro-benchmark, as suggested by [104]. The results were surprising:

“The Single SS-51 is our base case. The graphs reveal that the first level cache is only
4K and is direct-mapped.”

The specifications suggest a level-one data cache of size 16 KB, with 4-way set associa-
tivity. However, some of the chips produced by TI had this performance flaw. Others, produced at
different times, did not, once again leading to the case where seemingly identical processors were
not actually identical. The result of these differences is that application workload performance across
seemingly identical processors was different by up to 40%.

Memory subsystem: In their paper on scalar-vector memory interference, Raghavan and Hayes
show that small perturbations to a vector reference stream can severely reduce memory system effi-
ciency [99]. Their results, derived analytically, show that performance drops by roughly 50% even
with small perturbations to the memory system, which are common in vector machines. No solutions
are proposed.

OS Interactions: Sometimes unexpected performance arises not due to the direct interaction be-
tween application and hardware, but because of the behavior of an external software agent. In par-
ticular, the literature has shown that operating system virtual-memory mapping decisions can have a
severe performance impact on applications, reducing performance by up to 50% [31]. Virtually all
machines today use physical addresses in the cache tag. Unless the cache is small enough so that
the page offset is not used in the cache tag, then the allocation of pages in memory will affect the
cache-miss rate. Since page placements are not identical across runs in modern operating systems,
performance isn’t either. As noted in [16], direct-mapped caches are particularly sensitive to this type
of anomaly.

3.1.2 Disk Drives

We now turn our attention to performance heterogeneity in the context of I/O. Disks are a
rich source of performance fluctuations; as with processors, complexity of individual drives has been
increasing steadily over time, resulting in a richer set of performance characteristics.

Vesta: Vesta is a parallel file system from IBM designed for the IBM SP series of clustered sys-
tems [36]. More details on Vesta are given below. Here, we instead draw on the experience the
authors had when running experiments on their prototype hardware:
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“The results shown are the best measurements we obtained, typically on an unloaded
system. The number of measurements done for each data point ranged from 2-3 up
to about 20, with higher numbers being used mainly in the case of large access sizes
that were expected to drive the hardware to its limits. In many cases there was only a
small (less than 10%) variance among the different measurements, but in some cases the
variance was significant. In these cases there was typically a cluster of measurements
that gave near-peak results, while the other measurements were spread relatively widely
down to as low as 15-20% of peak performance. The reason for such low performance
was interference from other jobs and system activity beyond our control. A characteristic
of the SP-1 was that AIX daemons were run unsynchronized on the multiple different
nodes of the computer; hence, if the AIX scheduler for one of the servers involved in
a performance run decided to run a daemon process during the run, the performance of
that experiment was adversely affected, often dramatically. Detailed analysis of such
phenomena, and indeed of system performance under load conditions, depends on the
specific characteristics of the interfering workload. Such analysis is beyond the scope of
this article”. [36], page 250, paragraph 2.

NOW-Sort: In our own experience with parallel external sorting in a network of workstations
(NOW-Sort), we found that the cluster environment was surprisingly performance heterogeneous [9,
10]. As noted in that text:

“The performance of NOW-Sort is quite sensitive to various disturbances and requires a
dedicated system to achieve ‘peak’ results. In this section, we discuss how we solved a
set of particular run-time performance problems where a foreign agent (such as a com-
peting process, inadequate memory, or a full disk) on one or more machines slowed
down the entire application.” [10], page 8, paragraph 1.

The net effect of the different performance faults varied from slight drops due to a slightly
full disk to performance that was off by an order of magnitude when a node began to page heavily.
Our approach to extract peak performance for a single application was to find performance-faulty
nodes, and either remove the machine from the cluster entirely, or remove the cause of the perfor-
mance fault from the machine. Although this eventually yielded excellent results for the NOW-Sort
application, it required a large amount of human intervention, which is clearly undesirable in a more
realistic, production environment.

We also came across another situation where two identical disks (Seagate Hawks, 5400-
RPM) performed noticeably differently under a simple bandwidth experiment. Although most disks
of this brand deliver 5.5 MB/s on sequential reads from the outer tracks, we observed that one such
disk only delivered 5.0 MB/s. Our hypothesis is that SCSI bad-block re-mappings, which are trans-
parent to both the user and the file system, were the culprit. Upon inspection, the lesser-performing
disk was revealed to have three times the number of block faults than other, normally-performing
devices.

San Diego Sorting: In related work on parallel external sorting, Rivera and Chien also encounter
some disk performance irregularities [102]. Their environment is a cluster of 64 PC-class machines,
each with a single 10K RPM Seagate Cheetah attached. However, the final sort performance they
report is on a cluster of only 60 machines. The reason is as follows:
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“Each of the 64 machines in the cluster was tested; this revealed that four of them had
about 30% slower I/O performance. Therefore, we excluded them from our subsequent
experiments.” [102], page 7, last paragraph.

The approach here is identical to that of NOW-Sort: find the “bad” nodes by hand, and
remove them from contention. No explanation of the faulty behavior is given.

Illinois Panda: The parallel I/O group at Illinois has also recognized the volatility of cluster envi-
ronments, especially in the realm of I/O, and have also been addressing it in the context of the Panda
parallel I/O library. The authors note that:

“...unlike the NASA Ames SP2 that we used earlier, the Cornell I/O nodes ran at different
speeds.” [127]

The basic issue they came across was a static difference in disks: “fat” nodes had faster
disks than “thin” nodes. The performance difference between the two disks was roughly a factor of
two. Further, there were originally some older disks in the cluster, which, not surprisingly, were also
slower.

Tertiary Disk: The Tertiary Disk (TD) group at Berkeley performed a study of disk behavior on a
400-disk farm over a 6-month period [119], with the goal of uncovering what kinds of faults occur
in practice in large-scale systems. The basic application running on the cluster was the serving of art
images to web clients from the San Francisco Museum of Art as described in [118]. They found that:

“The largest source of errors in our system are SCSI timeouts and parity problems. SCSI
timeouts and parity errors make up 49% of all errors; when network errors are removed,
this figure rises to 87% of all error instances.” [119], page 7, paragraph 3.

In examining the data further, it can be ascertained that a timeout or parity error will occur
roughly 2 times per day on average. These errors often lead to SCSI bus resets, which will notice-
ably effect the performance of the disks on the degraded SCSI chain. Note that the strength of this
particular performance fault is difficult to gauge.

Tiger Video Server: The Tiger Video Server is a project from Microsoft Research designed to
deliver video streams from a cluster of PCs to a large number of clients via a fast network [22]. In
dealing with a large number of disks, the authors encountered certain odd behaviors. In particular,
they noticed that the disks that they were dealing with would go off-line at random intervals for
short periods of time. After further investigation, they found that the disks were performing internal
“thermal recalibrations”. However, because of the relatively controlled environment and uniform
workload, the solution the authors arrive at is to read-ahead on a given video stream; by paying a
slight cost in buffering, these particular performance variations by the disks can be masked.

Multi-zone disks: Though the previous discussions focus on performance heterogeneity across de-
vices, there is also heterogeneity present within a single disk. As is documented in [88], modern disks
have multiple zones, each with different performance characteristics. The presence of multiple zones
arises from the circular geometry of the disk, which allows manufacturers to place more data in outer
tracks. Because disks spin at a constant rate, the outer tracks will deliver data at a higher rate, nearly
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Figure 3.1: Solaris File System Performance: A Comparison. The graphs plot the results of
two simple experiments. In both, a 100 MB file is created on disk, and then read back sequentially.
Unbuffered reads are utilized, guaranteeing no reads come from the file cache. The results plot the
average of 30 runs; there was little variation across trials. The only difference in the two experiments
is that in the right-most graph, a new file system was constructed before running the trials. With a new
file system, the file is allocated in large, sequential chunks, and therefore performance is consistent.
When run upon “aged” file systems as in the left-most graph, block allocation is randomized (due
to the free list), and performance suffers accordingly. All but disk 30 are 5400-RPM Seagate Hawk
disks, whereas disk 30 is a 7200-RPM Seagate Barracuda. The slightly higher bandwidth delivered
from disks 17-19 and 24 is due to the placement of the Hawks on a fast-wide rather than fast-narrow
SCSI bus.

a factor of two on modern drives. Unless the disks are nearly empty and the file system provides an
interface to control data layout, different disks will have different layouts and thus different perfor-
mance. Such pristine conditions only occur in highly-controlled benchmark settings, and are highly
unlikely to arise in practice. The performance difference across tracks is roughly a factor of two.

Solaris File System Measurements: To demonstrate how modern file systems can contribute to the
problem, we perform two simple experiments. Figure 3.1 plots their results. In the first, we simply
allocate a large file to the local disks of 32 machines, and then read the file back sequentially. The
average bandwidth attained is plotted for each machine. The second graph shows the performance of
the same benchmark; however, this time, we built a new file system over the disk before creating the
file. Each data point represents the average of 30 trials; the variation in performance was less than
1%.

The performance differences in the two diagrams is striking. In the left-most diagram, the
performance of the disks is quite variable, ranging from 3 MB/s (disk 10) up to almost 10 MB/s
(disk 30). Though all but one of the disks are identical (5400-RPM Seagate Hawks), there is a great
discrepancy in delivered sequential performance.

However, in the right-most graph, almost all disks deliver identical performance; the only
exceptions are disks 17-19, 24, and 30. Further investigations reveals the cause for this slight hetero-
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geneity: disks 17-19 and 24 are Seagate Hawks situated on fast-wide SCSI busses, and therefore are
capable of delivering slightly more bandwidth than the Hawks on fast-narrow busses. Disk 30 is a
different disk entirely, a 7200-RPM Seagate Barracuda.

These performance differences can be attributed to the effects of file system aging [115].
With repeated use, blocks on a free list tend to get ordered randomly; when allocating a large se-
quential file, blocks are not laid out sequentially; not surprisingly, performance suffers. Even with
identical hardware, the behavior of certain software systems such as the file system can induce per-
formance heterogeneity.

3.1.3 Workload

Though we will not document this in detail, external workload fluctuations often result in
a non-uniform and dynamic execution environment. As discussed by A. Arpaci-Dusseau in [8], the
modern cluster environment will likely contain a mix of both parallel and sequential jobs. Unless
physically separated, the likelihood that parallel applications will run on identically loaded machines
is quite small.

In disk systems, similar dynamic workload fluctuations occur; they are termed hot-spots,
and arise when a particular data item on a particular disk is more frequently accessed than other data
items. Global operations such as static disk striping suffer severe performance losses in such cases,
typically running at the rate of the hot disk.

3.1.4 System Evolution

Component-based systems such as clusters have a natural advantage over other more fixed,
rigid systems: over time, it is easy to add new components to deal with excess demand. Termed
incremental scalability by Brewer [26], this allows new, often less expensive parts to be plugged
into the system, further improving the cost/performance advantages of clusters over more statically
assembled systems such as SMPs. However, this natural advantage has an “unfortunate” side effect:
newer parts are not only likely to be less expensive, but they are also likely to be faster. Thus, some
form of performance heterogeneity naturally occurs.

Even without cluster expansion, this phenomenon will arise due to the replacement of failed
components. If a failed part is replaced with a newer model, the same heterogeneity arises, as Moore’s
Law suggests that newer implies faster.

3.2 Previous Parallel Systems

In this section, we examine a cross section of work in the areas of parallel file and storage
systems, parallel databases, and parallel programming environments. Most previous systems pay
little attention to the kind of run-time adaptation that is necessary to deal with large-scale dynamic
environments.
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3.2.1 Parallel I/O

We begin our exploration with work in parallel I/O, which can be divided into two distinct
realms: storage servers and file systems. Parallel storage servers export a block-level interface to
clients, and are therefore built at a much lower level of abstraction. Parallel file systems export a file
or file-like interface to clients, in something akin to the traditional UNIX notion of a file system [101].

Parallel Storage Servers

RAID: Redundant arrays of inexpensive disks (RAIDs) are a popular way to organize collections of
multiple disks [52, 69, 95]. The idea is quite simple: aggregate a set of less-expensive disks together
behind a block-level interface. Commonly, some amount of this storage is used to circumvent failures
via a variety of redundancy mechanisms; see [32] for an excellent survey.

Striping is commonly used to extract the full aggregate bandwidth from multiple disks.
Striping spreads blocks across disks in a fixed, round-robin pattern, based on the logical address of
the block. Simple striping breaks down when any one or more of the disks in the collection runs
at a slower rate than expected. The performance of simple striping can thus be classified as fragile:
every entity must perform as expected for global performance to match expectations. Too many
performance-assumptions are made of each disk.

Petal: Petal is a distributed system that also exports a block-level interface [80]. Assembled from
a group of workstations or PCs, each with multiple disks attached, Petal presents this collection to
clients as a highly available virtual disk on which to place data. The main objective of Petal is to
provide easily administrable, high-performance storage via a scalable, switch-based network.

Petal is one of the few I/O systems to provide some run-time adaptation. Because Petal
mirrors data to two or more disks, a set of reads from a given client can be directed to multiple
locations, based on load information. Petal currently uses a simple dynamic algorithm:

“Each client keeps track of the number of requests it has pending at each server and
always sends read requests to the server with the shorter queue length.” [80], page 5,
paragraph 1.

It is currently unclear what the performance characteristics of this algorithm are. Further, Petal
provides no load-balancing for writes, and global operations, such as striping, still suffer the same
fate as they would in traditional storage systems.

Chained Declustering: Chained declustering is a technique that performs better than a naive mir-
rored system when there is a failure present in the system [64]. In typical mirrored systems, repli-
cation is naive, as blocks of a file or its replica are kept contiguous on a single disk. When a failure
occurs, the disks that contain the mirrors for the data sets on the failed disk become overloaded.
Chained declustering avoids this problem by spreading the replica blocks over many disks, and thus
balances load under read-intensive workloads. However, there are no provisions for handling disks
that perform at different rates.

NASD: A recent trend in storage systems moves disks away from a single attachment to a “server”
machine and into the network. Known as Network-Attached Storage Devices (NASD) [53], this
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affords a greater level of flexibility in assembling large-scale storage systems. With this flexibility
comes a potential danger: it is highly likely that such systems will have components with differing
performance capabilities. Therefore, simple applications of parallelism such as striping are likely to
be even less effective in these environments.

Parallel File Systems

We now turn our attention to the large body of work in parallel file systems. Most systems
have focussed on extracting high performance from a set of uniform disks, including PPFS [65],
Bridge [46], Panda [110], Galley [89], Vesta [36], Swift [28], CFS [90], SFS [84], the SIO specifi-
cation [15], and SPIFFI [50]. Some common features include scatter-gather transfers, asynchronous
interfaces, layout control, prefetching, and caching support at the client or server or both. Most of
these parallel file systems stripe data naively across the set disks in the I/O subsystem, which can
have undesirable performance properties.

Shared File Pointers: One interesting feature provided by some of these systems is the notion of a
shared file pointer, as found in CFS [90] and SPIFFI [50]. With a shared file pointer, multiple pro-
cesses on different machines can access a file concurrently in a consistent manner, as if sharing a local
file pointer. Shared file pointers have some excellent performance properties. For example, when a
group of processes is reading from a data collection, faster processes will read more data, providing
coarse-grained load balancing for the application. However, shared-file pointers only provide these
properties for a sequentially-read file, and provide no support for load-balancing on writes to disk.

Collective I/O: More advanced parallel file systems have specified higher-level interfaces to data via
collective I/O [75]; a similar concept is expressed with two-phase I/O [33]. In the original paper, Kotz
found that many scientific codes show tremendous improvement by aggregating I/O requests and then
shipping them to the underlying I/O system; the I/O nodes can then schedule the requests, and often
noticeably increase delivered bandwidth. However, because requests are made by and returned to
specific consumers, load is not balanced across those consumers dynamically. Thus, though these
types of systems provide more flexibility in the interface, they do not solve the problems we believe
are common in today’s clustered systems.

Vesta: Vesta is a production parallel file system from IBM [36]. One interesting aspect of Vesta is its
new abstraction of a file. Instead of just supporting the typical UNIX abstraction of a linear sequence
of bytes, Vesta promotes a two-dimensional format, where each file can be viewed as a collection of
cells, and each cell is a collection of blocks. Upon opening the file, different access modes can be set,
including row-major, column-major, and a block-oriented mode, all of which derive from the desire
to mesh with High-Performance Fortran [62]. Though this data layout scheme does provide more
flexibility to the user, the system has no method to deal with dynamic performance variations.

Panda: Of all the systems discussed, Panda [127, 110] is the only one that deals explicitly with per-
formance heterogeneity. However, its solutions are limited. First, it only deals with heterogeneity on
disk writes; reads are left unbalanced if the previous write has not perfectly balanced the load across
disks, or if the access pattern changes. Further, its approach uses an a priori static measurement of
disk performance to calculate how to layout data across disks. Thus, if performance during the write
changes, their system will not properly react until the next round of measurement.
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3.2.2 Parallel Databases

Large-scale I/O operations are common not only in parallel file systems but in parallel
database systems as well. There are a number of parallel databases found in the literature, includ-
ing Gamma [41], Volcano [56], the parallel-load prototype from the Digital Rdb project [14], and
Bubba [35]. Many of these systems are based on similar data-flow techniques, where parallel queries
are described as a directed graph that connect different sequential data operators.

Gamma: Gamma is a parallel database system developed at Wisconsin [41]. The initial prototype
was developed for a shared-nothing cluster: 20 VAX 11/750 processors, each with 2MB of main
memory, connected via a 10MB/s token-ring network. Eight of those machines had identical 160MB
hard drives attached [40].

There are four basic partitioning techniques provided to distribute data among processors:
round-robin, hash, range with a user-specified key value, and range assuming a uniform distribution.
Communication among processors is performed via a split table, which takes tuples from the send-
ing processor and distributes them to receiving processors in one of the aforementioned distribution
styles.

All data distribution techniques in Gamma make strong performance assumptions; with
any of the partitioning techniques, the total time to completion is determined by the slowest con-
sumer. Further, the network that connects the machines is a shared medium, in this case, a token-ring
network. Thus, because network bandwidth is a concern, data cannot be easily moved through the
cluster for remote consumption.

Volcano: Another prominent parallel database system in the literature is Volcano [55, 56, 128].
Volcano uses a construct called the exchange operator to move data among processors, which is
quite similar to the Gamma split table. As was the case with Gamma, Volcano makes use of solely
non-robust distribution techniques such as hash-partitioning, range-partitioning, round-robin, and
replication.

The major difference between the Volcano and Gamma models of parallelism is that Gamma
uses a demand-driven approach, where sinks pull data from sources with request messages. Con-
versely, Volcano uses a data-driven approach, where data is eagerly sent to consumers before the
consumers explicitly request the data. In message-passing libraries, the same issues arise in the
form of pull-based messages layers versus push-based ones [68]. The push-based or data-driven
approaches imply the need for flow control, so as to avoid the case where producers over-run slow
consumers.

Although conceptually similar to Gamma and other parallel database systems, Volcano was
intended primarily for use on a shared-memory machine. In particular, early prototypes ran on a 12-
processor Sequent Symmetry. Although removing some potential bottlenecks, such as the high cost
of messaging, this adds other performance concerns, including potential interactions with the caching
and coherence architecture. Later work discusses execution on a hybrid cluster of shared-memory
machines [57].

Digital Rdb: In work on a parallel-load prototype for the Digital Rdb project, Barclay et. al. describe
another data-flow execution environment. Connections between N producers and M consumers are
known as data-flow rivers, as they connect N × M streams of data. As stated therein:
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“River partitioning is based on a split-table. All the streams of a river have the same split
table. As the name suggests, when a record is inserted into a river, the river program
uses the split table to pick a destination stream for the record. The river program first
extracts field values from the record. Then it compares these values to values in the split
table to pick a destination stream. The split-table can be a range-partitioning, a hash
partitioning, a round-robin, or even a replication (in which input records are sent to all
sink operators).” [14], page 2, paragraph 7.

Once again, these static techniques do not provide performance availability, and will run at
the rate of the slowest “sink”. As the authors themselves state:

“If different nodes have different speeds and different amounts of memory, then it is no
longer straight-forward to distribute the work evenly among the nodes.” [14], page 7,
paragraph 1.

Parallel DB2: One example of a system that takes advantage of unordered processing to provide
some form of run-time adaptation is the IBM DB2 for SMPs [81]. In this system, shared data pools
are accessed by multiple threads, with faster threads acquiring more work. Lindsey refers to this
access style as “the straw model”, because each thread “slurps” on its data straw at a potentially
different rate. Implementing such a system is quite natural on an SMP; a simple lock-protected
queue will suffice, modulo performance concerns. In this dissertation, we will argue that this same
type of data distribution can be performed on a cluster, due to the relatively high bandwidth of the
interconnect.

ParSets: The notion of applying operations on a data set in parallel has been explored with ParSets [44].
In this object-oriented database system, an application could essentially write a function and direct
the system to apply it to all objects in a collection. However, rather than move the data to the compu-
tation, this system moved the computation to the storage; data layout determines where computation
occurs and is static after the placement decision has been made, and thus the system is not robust to
performance variations.

NCR TeraData: Current commercial systems, such as the NCR TeraData machine, exclusively use
hashing to partition work and achieve parallelism. A good hash function has the effect of dividing
the work equally among processors, providing consistent performance and achieving good scaling
properties. However, as Jim Gray recently said of the TeraData system, “The performance is bad, but
it never gets worse” [59]. Consistency and scalability are the goals of the system, perhaps at the cost
of getting the best use of the underlying hardware.

3.2.3 Parallel Programming Environments

There have been many parallel programming environments that have exploited the benefits
of run-time adaptation. Some examples include Cilk [20], Lazy Threads [54], and Multipol [30]. All
of these systems dynamically balance load across consumers in order to facilitate the programming
of highly-irregular, fine-grained parallel applications.
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Cilk: Cilk [100] is a parallel programming environment designed for parallel machines. Parallelism
is attained by spawning extremely lightweight threads, allowing users to express arbitrarily complex
parallel control constructs. Load-balancing is achieved in Cilk via work stealing: when a processor
has no work to do, it examines another processor’s work queue, picked uniformly at random, and
steals work from there, if any is available. The authors have proven that the work-stealing scheduler
achieves space, time, and communication bounds that are all within a constant factor of optimal.

Multipol: Multipol provides run-time support for irregular applications via distributed data struc-
tures, with a focus on hiding communication latency via asynchrony [30]. Load balancing is provided
via a distributed task queue [126], but the user can tailor load-balancing as he or she desires to suit
the needs of the application.

Linda: Linda provides a shared, globally-addressable, tuple-space to parallel programs [29, 51].
Applications can perform atomic actions on tuple-space, inserting tuples, and then querying the space
to find records with certain attributes. Because of the generality of this model, high performance in
distributed environments is difficult to achieve [11].

There have been a large number of parallel and distributed programming environments for
parallel machines. Most provide some form of coarse- or fine-grained load balancing in order to deal
with irregular or dynamically created tasks. However, as we will see in subsequent chapters, good
load balancing does not necessarily imply good tolerance of performance faults. Many algorithms
that would achieve good load balance have too much “performance trust” implicit within them. Also,
these environments are designed for compute-centric applications, and therefore have little or no
explicit support for I/O.

3.3 Summary

There is no such thing as a performance-homogeneous cluster. The combination of com-
plex hardware and software systems is highly likely to lead to serious and often unexpected perfor-
mance variations under typical circumstances. Although some examples of performance heterogene-
ity are more static in nature, and perhaps can be dealt with by fiat, others are dynamic, hard to avoid,
and can lead to erratic global system performance in the common case. System design must be in-
fused with this knowledge from the beginning, and should provide mechanisms that allow the system
to cope with component fluctuations.

Table 3.1 presents a summary of the performance faults documented within this chapter. Of
particular interest are the rightmost two columns, which list the duration and utilization of the faults.
In general, most of the faults last for at least the length of an entire program run, and the utilization of
the faults range from mild at 0.09 to quite extreme at 0.80, with most faults in the 0.50 to 0.67 range.

Many of the cases of performance variations we have documented come from research
papers in well-controlled laboratory settings, often running just a single application on homogeneous
hardware. We can only imagine that the variations present in real-world environments, with multi-
user workloads and heterogeneous machines, would be noticeably worse.

In examining previous parallel file systems, databases, and programming environments, we
have seen that I/O systems mostly exploit static notions of parallelism, via striping, hash-partitioning,
and range-partitioning of data over multiple disks. All of these uses of parallelism rely too heavily
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System Device Explanation D U
UltraSPARC-I [76] CPU Logic Alignment of instructions Run 0.67

in instruction cache
HP PA-RISC Cache/TLB TLB replacement policy Forever 0.50*
[25, 108] and bad cache lines

SPARC Viking [7] Cache Poor implementation Forever 0.44
lead to lower associativity

Vector Memory [99] Memory Sequential programs use Periodic 0.50
memory bandwidth

Page Placement [31] Cache OS page placement Run 0.50
affects cache mapping

Vesta [36] Disk/CPU Variable/poor performance Run 0.80
due to interference

NOW-Sort [10] Disk/CPU Foreign agents steal Run 0.80
machine resources

Disk SCSI bad-block remapping Forever 0.09
San Diego Sort [102] Disk Unknown disk problem Forever 0.29
Illinois Panda [127] Disk Statically different disks Forever 0.50
Tertiary Disk [119] Disk SCSI timeouts and parity Periodic 0.50*

errors lower performance
Tiger Server [22] Disk Thermal recalibrations Periodic 0.33*
Multi-zone Disks [88] Disk Higher densities on outer Forever 0.50

tracks of modern disks
Solaris File System** Disk Layout of files degenerates Run 0.44

due to fragmentation

Table 3.1: Summary of Performance Faults. The table presents a summary of the performance
faults documented in this section. The first column gives a name to each fault, in accordance with the
subsections of this section. The second column lists the affected component of the system, such as the
CPU logic, cache, TLB, memory system, or disk. The third column, labeled ‘Explanation’, describes
the particular performance fault. The final two columns, ‘D’, ‘U’, give the duration and utilization
of the faults, respectively. A duration of length ‘Run’ means that that fault will likely affect the length
of an entire program run, ‘Periodic’ implies an intermittent behavior, and ‘Forever’ implies that the
fault is permanent. The utilizations are just the fraction of the resource utilized by the fault. Finally,
‘*’ means that the utilization is an estimate, and ‘**’ means that the Solaris File System data was
introduced in this document.
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on the performance consistency of each underlying component to achieve good global performance.
More dynamic uses of parallelism are found in parallel programming environments, as many of
these systems have had to deal with programs with irregular or dynamically generated parallelism.
However, these do not directly solve the problems that performance faults cause, and are not tailored
for an I/O-intensive environment.



Chapter 4

River Design and Implementation:
An Overview

The next four chapters cover the design and implementation of River, an adaptive cluster
programming environment for data-intensive cluster applications. River provides a standard data-
flow application environment, with influence from Volcano [56] and Gamma [41], which eases the
construction of a broad class of applications. Moreover, River provides adaptive mechanisms that
allow large-scale applications to cope with dynamic performance faults, thus facilitating performance
availability.

Two distributed algorithms form the core of performance availability in River. The first is
a distributed queue, which allows consumers of a given data set to consume data at variable rates
and thus tolerate consumer-side performance faults. The second is known as graduated declustering,
which utilizes replication to tolerate producer-side performance faults. By using the two mechanisms
in tandem, applications can tolerate a range of performance faults, seen in Chapter 12.

Both distributed queues and graduated declustering are examples of feedback-driven dis-
tributed algorithms. Feedback allows an algorithm to gauge the performance of underlying compo-
nents at run-time, instead of making a priori assumptions of their performance characteristics. By
actively monitoring communication channels with remote entities, each agent in the system can make
better data movement decisions, hopefully avoiding performance-faulty machines.

In this chapter, we begin with a description of the abstract problem that we are attempting to
solve: how to move data from a set of P producers to C consumers in a performance-robust manner.
We then present a set of design principles, which will guide us during the process of system construc-
tion. We proceed by detailing our particular software environment, and then explain the specifics of
the River programming environment. Subsequent chapters cover the design and implementation of
both the distributed queue and graduated declustering, and a discussion follows.

28
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Figure 4.1: The Abstract Problem. In this figure, we present the abstract data transfer problem.
The data set D is partitioned among P producers. We wish to transfer the data set to the set of
consumers, C. The particular distributed algorithm we employ will depend on both the constraints
of the application as well as the desire to tolerate performance faults at the producers, consumers,
or both. Both producers (data sources) and consumers (data sinks) may be replicated.

4.1 The Abstract Problem

In this section, we reduce the general problem of providing support for data-intensive clus-
ter applications to a simpler, higher-level abstraction. By doing so, we hope to gain insight on the
salient aspects of the performance-availability problem.

In subsequent subsections, we will map the problem from the abstract into two concrete
constructs: distributed queues and graduated declustering. Each of these mechanisms is a specific
solution to a portion of the general data-movement problem presented below. In later chapters, we
will demonstrate the utility of these constructs by using them to improve the performance availability
of applications.

Figure 4.1 depicts our generalized problem. In this figure, we can see that there are a set
of P producers, with a data set D partitioned among them, and C consumers, who wish to access
that data in parallel. The exact semantics of which data items can be delivered to which consumers
are application specific. For example, the consumers may desire a particular partitioning of the data
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among themselves, or they may have no preference whatsoever for any particular data item.
Further, either producers or consumers may be replicated. For example, a data set D might

be replicated exactly once; in that case, each partition, Di, would be represented by two producers,
Pi and P ′

i . Thus, the data set Di would be available from two locations. A logical consumer Ci could
also be replicated. In that scenario, data that received by Ci would also be received by its replicas.

We define Ttransfer, the data transfer time, as the time to successfully complete the move-
ment of D from the set of producers P to the set of consumers C. We are interested in minimizing
Ttransfer under perturbations to producers, to consumers, or to both. Thus, our refined goal is to de-
sign mechanisms to facilitate performance-available data transfers between producers and consumers,
subject to application-specific data-movement constraints.

Two common performance perturbation scenarios are likely to arise. In the first, one or
more consumers of the given data set suffers from a performance fault, and runs at a slower rate than
the others. We term this the consumer problem. The analogue to the consumer problem occurs when
one or more producers of the data is perturbed; we call this the producer problem.

Our constraints in providing performance-availability mechanisms for these two problems
are as follows. Where we can send a particular data item to affects how effectively we can deal with
the consumer problem. Thus, if a particular data item must go to a particular consumer, and that
consumer is perturbed, the data transfer is not likely to be performance robust. Similarly, where we
can retrieve a particular data item from affects how well we can deal with the producer problem.
If the data item is only available from a particular producer, and that producer is perturbed, then
performance robustness is again difficult to attain.

Note that in a specific data transfer, the producers or the consumers, but rarely both, will
be the bottleneck for the transfer. Thus, we are interested in perturbations to the bottleneck resource;
perturbations to other components of the system will likely go unnoticed.

In summary, we have presented the general data transfer problem of moving a data set D
from a set of producers P to a set of consumers C. We wish to build mechanisms to make such
data transfers performance-robust. Two specific problems are likely to occur. The consumer problem
arises when consumers are the bottleneck and suffer from performance faults. Similarly, the producer
problem takes place when producers are the bottleneck and suffer from performance perturbations.

4.2 Design Principles

With the abstract problem defined, we now lay out three design principles that we use
in making specific implementation decisions about our system. During the design stage of a system,
having such principles is crucial: without them, it is difficult to separate the necessary implementation
details from those that are artifacts.

Principle 1: Leave performance-robustness to the application. Our first principle will
be to leave the addition of performance-robustness to the application programmer, who presumably
best understands their application, and how to add robustness to it. Thus, instead of attempting
to automate this process, we will provide what we believe are the necessary tools for performance
availability, and the programmer will choose to apply them where appropriate.

This “application-specific” argument meshes well with recent work in the field of operating
systems, where many researchers have simultaneously realized the folly of attempting to construct
a truly general-purpose system [17, 48, 111]. Instead, many have chosen to provide basic, powerful
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primitives that do not dictate specific usage policies, and let applications tailor the system to their
needs.

Principle 2: Take advantage of application flexibility. As a corollary to the first princi-
ple, this second principle dictates that one of the best ways in which to achieve performance avail-
ability is to take advantage of application flexibility. For example, some applications have relaxed
ordering constraints on how they process data; by exploiting such semantics, performance-robustness
can often be more easily attained, as we will see in later chapters.

This principle has the most impact on system interfaces, in particular data-access and data-
movement interfaces. Thus, we desire interfaces that do not impose arbitrary constraints upon appli-
cations.

Principle 3: Focus on demands of data-centric applications. Finally, the third principle
states that we should focus on the specific needs of data-centric applications in cluster environments.
Solving the general performance-availability problem is difficult; by restricting the scope of the prob-
lem to I/O-intensive applications, we hope to uncover deeper insights into our realm of interest.

Some of the benefits of this focus are as follows. Our main techniques can work well
for only coarse-grained data movement, which is likely to be found in a data-centric environment,
instead of supporting arbitrarily fine-grained computations. Further, disks are often the sources, sinks,
or both for computations, and thus the main performance bottleneck. Thus, we can often concentrate
on making applications tolerant only to disk performance faults, thus reducing our problem to one
that is more tractable.

As Lampson wrote, “Make it fast, rather than general or powerful.” [78], page 4, paragraph
14. We take this advice to heart.

4.3 Assumptions

We now outline some of the base assumptions that we make in building the River system.
Along with our design principles, these assumptions serve to limit the scope of our problem, as well
as to help us hone in on our particular contributions.

Performance faults are the focus, not all types of faults. In this dissertation, we focus
strictly on the performance aspects of building software systems. Thus, we do not investigate the
construction of a system that is both tolerant of performance faults as well as correctness faults. In
future work, it would be of great value to marry the results of our work with previous research on
distributed system design, and thus build a system robust to both performance and correctness faults.

The scale of our system is on the order of 100 machines. Because we are interested in
high-performance clusters, the question of scale arises. In this work, we concentrate on a design for
clusters of roughly 100 machines; not surprisingly, this matches the size of our cluster of worksta-
tions. Though we believe many of our techniques would be successful on larger clusters of machines,
we do not show that to be the case.

The network that connects cluster is a high performance, switch-based network. We
also assume the presence of a high-performance switch that connects of the machines of the cluster
together. In particular, we assume that the aggregate bandwidth of the switch should at least roughly
equal the total bandwidth available from all disks of the system. If the network were not capable
of meeting our demands, it would become the bottleneck in almost all data transfers, and therefore
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much of our work would not be feasible. Fortunately, modern networks are capable of handling such
high demands, assuming that they are functioning properly.

4.4 Software Environment

Before describing the details of the implementation, we present background information
about the software systems that we utilize to build the River system. The River prototype cur-
rently runs on a cluster of Sun Ultra1 workstations connected together by the Myrinet local-area
network [21]. More details on the exact hardware configuration will be presented later, in Chap-
ter 8.2.

Three separate software systems are employed. The first is the single-workstation operating
system, Solaris 2.6, a modern multi-threaded version of UNIX, which presents users with the familiar
UNIX programming environment [74, 101]. Salient aspects include the UNIX file system (UFS),
buffer management subsystem, and threads libraries. We also make heavy use of the dynamic library
support, as well as the proc file system.

The second and perhaps most important piece of software is the communication layer. All
communication is performed with Active Messages (AM), a second generation communication layer
designed for distributed computing [85]. With heavy influence from a long lineage of supercomputer
and MPP implementations, AM exposes most of the raw performance of Myrinet to the cluster while
integrating smoothly with more modern features such as threads, blocking on communication events,
and multiple independent endpoints.

Finally, a centralized name service is sometimes utilized as a global bulletin board of non-
persistent information, which is useful in constructing distributed services [4]. However, the per-
formance characteristics of the name server are poor, so we only use it infrequently, in particular to
boot-strap communication connections.

4.5 Basic River Components

This section describes the River programming environment, including both the data model
and programming model. River presents users with a highly flexible, component-oriented application
environment, which allows applications to be written in a natural, data-flow style. The programming
model is heavily influenced by parallel database systems such as Gamma [42] and Volcano [56].

In constructing both the data model and programming model, we attempt to adhere to our
design goals to leave performance availability to the application, to take advantage of application
flexibility, and to focus on data-intensive applications.

In this section, we first present the River data model: how data is stored and accessed on
disk. We continue by explaining the components of the River programming model, including details
of how a typical River program is constructed.
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4.5.1 The Data Model

Single Disk Collections

On a single disk, data is represented as a group of on-disk records known as a collection.
Each record has a set of named fields, which can be of various types, though all records of a given
collection have the same fields. This catalog of information is kept as meta-data by the system.

Data can be accessed on disk as an unordered collection. Unordered collections provide no
ordering constraints between records of the collection. Thus, an application reading such a collection
may receive records in an arbitrary order, subject to optimizations by the system. Because some
applications can make use of an unordered collection of data, we do not wish to impose arbitrary
ordering constraints, in line with our second design principle. Other systems, such as traditional
UNIX file systems, provide only a single file abstraction: a randomly-accessible, ordered array of
bytes [101].

When ordering is desired by the application, data can be accessed as a stream, similar in
nature to a Fortran or VMS sequential file [12, 70]. A stream is an ordered set of records. When an
application writes a collection to disk as a stream, the write order is preserved; applications accessing
the collection directly will receive the records in that order.

The current implementation uses the underlying Solaris 2.6 UNIX file system (UFS) to im-
plement record collections. To read from disk, we use either read() with directio() enabled,
or the mmap() interface, both of which deliver data at near the raw disk rate for sequential accesses.
With directio() enabled, data read from disk bypasses the buffer cache, whereas simple use
of the read() interface without directio() leads to double-buffering inside of the file system,
which is undesirable for most of our applications. Writes to disk use the write() system call, with
or without directio() enabled.

When implemented on top of UFS, layout information is not available, and therefore some
optimizations that would be possible with unordered collections are not currently implemented in the
disk manager. In current UNIX environments, a disk manager would have to be built upon the raw
disk interface to exploit the full range of disk layout and scheduling optimizations.

Parallel Collections

Most of the applications in our system wish to access data spread across multiple disks
and machines. To facilitate this, we provide the abstraction of a parallel collection, which allows
the grouping of a set of single-disk collections into a single logical entity. The parallel collection
facility only tracks cross-disk meta-data, such as the names and physical locations of each single-
disk collection that form the parallel collection, and any desired ordering between the single-disk
collections.

The way that applications interpret the grouping of single-disk collections is left entirely
up to them. Thus, if there are no ordering constraints across collections, none need be enforced. If
applications wish to impose a strict ordering across collections, that option is also available to them.

In the current River implementation, the parallel collection meta-data is stored in an NFS-
backed file, as suggested in [79, 84]. Because NFS provides no consistency guarantees under concur-
rent access, all parallel meta-data operations are serialized through a single process of the application.
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These operations are rare, because they only occur when a file is being opened or created, and there-
fore are not a performance bottleneck.

4.5.2 The Programming Model

River provides a generic data-flow environment for applications. The overall program-
ming model draws heavily on work in the literature on parallel databases, including systems such as
Gamma [42] and Volcano [56]. This general model has been shown to be useful for both database
and scientific workloads [41, 128].

Applications are constructed in a component-like fashion into a set of one or more modules.
Each module has a logical thread of control associated with it, and must have at least one input or
output channel, sometimes having more of each. A simple example is a filter module, which gets a
record from a single input channel, applies a function to the record, and if the function returns true,
puts the data on a single output channel.

Modules are connected both within a machine and across machine boundaries by queues. A
queue connects one or more producers to one or more consumers and provides rate-matching between
modules. All queues in the system are throttled via flow control and thus producers do not overrun
slow consumers. By dynamically sending more data to faster consumers, queues are an important
construct for performance availability.

To begin execution of an application, a master program constructs a flow. A flow connects
the desired set of modules, from one or more sources to one or more sinks. Any time a single module
is connected to another, a queue must be placed between them. When the flow is instantiated by
the master program, the computation begins, and continues until the data has been processed. Upon
termination, control is returned to the master program.

River Modules

As mentioned above, a module is the basic unit of programming in River. Modules operate
on records, calling Get() to obtain records from one or more input channels, and then calling
Put() to place them onto one or more output channels. For convenience, we refer to a set of
records that is moving through the system as a message. Logically, each module is provided a thread
of control. Thus, a one-input, one-output module performs a simple loop: Get() to obtain records
from an upstream channel, operate on those records, and then Put() to pass the records downstream,
as illustrated in Figure 4.2.

More complex modules may have more than one input or output; in that case, they must
specify the input/output number as an argument to Get() or Put(). Non-blocking versions of
these interfaces are also available, as is the ability to perform a Select(): this operation waits
until one of a specified set of channels is ready, and then returns control to the user.

In the current implementation, modules are written as C++ classes. Each module is given
its own thread of control; this design has both benefits and drawbacks. The main advantage of this
approach is that applications naturally overlap computation with data movement; thus, the user is
freed from the burden of carefully managing I/O. However, thread switches can be costly. To amortize
this cost, modules should pass data among themselves in relatively large chunks. In our experience,
this has not complicated modules in any noticeable fashion; thus, we felt that the inclusion of complex
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// module loop: get records + process
while ((msg = Get() != NULL) {

// operate on given message
rc = Operate(msg);

// conditionally pass message downstream
if (rc) Put(msg);

}
// indicate completion
return NULL;

Figure 4.2: Module API. This code snippet represents a simple River module. The module Get()s
messages from upstream, performs some operation on them by calling a user-defined Operate(),
and then (conditionally) Put()s messages downstream.

buffer management necessary to accommodate smaller chunks was not worth the implementation
effort.

Queues

Queues connect multiple producers to multiple consumers, both within a single machine
and across the cluster. We term the connection within a machine a local queue, and one across
machines a distributed queue. During flow construction, queues are placed between modules and
messages are transmitted from producers to consumers. Modules that are placed on either side of
local or distributed queues are oblivious to the type of queue with which they interact.

Messages in River may move arbitrarily through the system, depending on run-time perfor-
mance characteristics and the constraints of the flow. Dynamic load balancing is achieved by routing
messages to faster consumers through queues that have more than one consumer.

To improve performance robustness, ordering is relaxed across queues. In a multi-producer
queue, a consumer may receive an arbitrary interleaving of messages from the producers. The only
ordering guarantee provided in a queue is on a point-to-point basis; thus, if a producer places message
A into queue Q before message B, and if the same consumer receives both messages, it receives A
before it receives B. This ordering is necessary, for example, to retain the ordering of a disk-resident
stream. By attaching a single consumer to the single producer of a stream, the ordered property of
the stream can be properly maintained.

Local queues are implemented as shared-memory constructs, which can be accessed by
multiple threads. More interesting is the design and implementation of distributed queues, which is
described in detail in the next chapter.

Flow Construction

To execute a program in the River environment, one or more modules must be connected
together to form a flow. A flow is a graph from one or more data sources to one or more sinks, with
as many intermediate stages as dictated by the given program.
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// simple copy program
Flow f;
Module *m1, *m2;
// instantiate module instances
m1 = f.Place("UFSRead", "file=in.1");
m2 = f.Place("UFSWrite", "file=out.1");
// attach read module to write
f.Attach(m1, m2);
// execute flow
f.Go();

Figure 4.3: Flow API. A simple reader to writer flow is shown. The UFSRead module reads in
collection ‘‘in.1’’; its output goes to the input of the UFSWrite module, which writes it to disk
under the name ‘‘out.1’’.

There are three phases involved in instantiating a flow: construction, operation, and tear-
down. During construction, a master program specifies the global graph, describing where and how
data will flow, including which modules to use and their specific interconnection. When the construc-
tion phase is complete, the master program instantiates the flow. In the operation phase, threads are
created across machines as necessary, and control is passed to each of the modules. The flow of data
begins at the data sources, and flows through the system as specified by the graph, until completion.

Flow construction can be performed programmatically with a simple flow API, or graph-
ically as described below. The flow construction API is quite simple: to add a node to a graph, the
Place() routine is called, specifying the name of the module and any arguments it might take. For
example, to read an on-disk collection, the programmer might specify the UFSRead module, with an
argument of the filename, as shown in Figure 4.3.

Place() returns a reference to the module, which is then used to attach modules together
via a simple Attach() interface, the interface used to specify graph edges. In the figure, a simple
copy flow is formed: both a Read and Write module are placed in the flow, and then attached together.
Attaching two modules together places a queue between them. Modules can have more than one input
or output; in this case, the user must specify extra arguments to the Attach() routine, to specify
which input to connect to which output.

Finally, to instantiate the flow, a Go() interface is provided, which starts the threads, per-
forms the necessary attachments, and waits for their completion. An asynchronous version of Go()
is also available.

The flow description up to this point has been restricted to single-machine flow specifica-
tion, for the sake of simplicity. To construct parallel flows across multiple machines, the programmer
need only specify which nodes to place the various modules upon; local and distributed queues are
inserted where appropriate, and when the program is run, it is spawned across the nodes of the system
using a simple remote execution module, internal to the system. The user can add extra arguments
to the Attach() routine to specify details about remote connections between producers and con-
sumers. For example, whether to use a single m-to-n distributed queue, n 1-to-1 distinct queues, or
an m × n fully-connected graph, can all be easily specified.
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In the current implementation, numerous languages can be used to program flows. A C++
interface is available, but we have found it overly cumbersome to re-compile codes for each simple
change to a flow. Therefore, we provide both Tcl and Perl interfaces, allowing for the rapid assembly
of flows in a scripting language.

Finally, we have built a graphical user interface (GUI) for specifying data-flow graphs,
similar in spirit to Tioga [117]. The GUI allows programmers to select modules from a module library
and draw the data-flow graph as desired. The user can then execute the program, or generate the flow
construction code for later re-use. The GUI also allows variables to be added to the program, thus
enabling the user to easily construct generic programs. In the example of the simple copy, the user
might choose to have the input and output collection names as variables, and then generate a general-
purpose copy program. In general, we have found the GUI easier to use than the programmatic
interface, and less error-prone.

4.5.3 Summary

We have presented the generic River data-flow environment, in which applications can
be constructed by connecting various computational modules together in arbitrary flows. However,
no mention has yet been made of how to improve an application’s performance availability. In the
next two chapters, we discuss the two key elements for doing so: distributed queues and graduated
declustering.



Chapter 5

The Distributed Queue

The first of two important distributed algorithms that we will study in this dissertation is the
design of a logically-shared, physically-distributed queue. By implementing such a distributed queue
(DQ), we seek to provide a simple yet efficient mechanism to distribute data across a set of consumers,
with the primary goal of supporting performance availability. Thus, as consumer consumption rates
change due to performance faults, we wish to ensure that producers quickly recognize and react to
such faults.

In this chapter, we present the design and implementation of the distributed queue. We
describe the high-level design goals, basic interface, algorithms to implement the interface efficiently,
and finally, a discussion of limitations and related work. Note that in the River environment, the
programmer of a module will not use this interface directly, but instead would use the River module
interface, which in turn would call the distributed queue internal interface as appropriate.

5.1 Desired Behavior

We first discuss the desired behavior of the distributed queue. As shown in Figure 5.1, we
wish to arrive at a design that provides a constraint-free transfer of data between an arbitrary number
of producers and consumers.

In the figure, we can see that the distributed queue is placed between P producers and C
consumers, and has the following behavior. Data placed into the queue by one of the producers will
be sent to exactly one of the consumers. The ideal queue will deliver the data to consumers at rates
proportional to their rates of consumption. Thus, if over a fixed time interval, C0 consumes at rate
R0, and C1 at rate R1, the ratio of data received by C0 as compared to C1 should be R0

R1

.
Of course, the rates of consumption at the consumers may change dramatically over time,

subject to performance faults. Therefore, we would also like our design to quickly adapt to such
changes.

38
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Figure 5.1: The Distributed Queue. We present the abstract view of a distributed queue. P data
producers, each with a portion of the data set D, distribute data to C consumers. There are no
constraints on data movement – any consumer can receive data from any producer. Further, there
is no use of replication, at either the producer or consumer. The desired behavior is that faster
consumers should receive proportionally more of the data, and that changes in rates of consumption
should be noticed immediately.
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// begin joining the queue
DQ(String QueueName, int UniqueID,

int MemberCount, bool AmIAProducer);
// wait for all members to join
void Wait();

// leave the queue
˜DQ();

// blocking put interface
void Put(char *Buffer, int Size,

uint Arg1, uint Arg2, uint Arg3, uint Arg4);
void PutSync();

// blocking get interface (returns NULL on END-OF-STREAM)
char *Get(int &Size, uint &Arg1, uint &Arg2,

uint &Arg3, uint &Arg4);

Figure 5.2: DQ Interface. This figure shows the basic library interface to the distributed queue.
Note that this is an internal interface, not available directly from the River programming environment.
The join protocol includes the object constructor and Wait() routines; the leave protocol consists of
only the object destructor; and the Get() and Put() routines constitute the data transfer interface.
Note that the data buffer and size are what we are primarily interested in, but that the four arguments
are added as a convenience.

5.2 Interface

There are two important components to the distributed queue interface. The first specifies
how members join or leave the queue. The second is the data transfer interface. Both components of
the interface are shown in Figure 5.2. We discuss each component in turn.

5.2.1 Join

To join a particular distributed queue, a client follows a two-phase protocol. First, the client
begins the process by creating a DQ object, and specifies the following arguments: QueueName,
UniqueID, MemberCount, and AmIAProducer. Both the QueueName and UniqueID to-
gether form a unique identifier for this particular distributed queue; specifying a different name or
ID number will join a different distributed queue. The MemberCount argument informs the system
of how many total members to expect; total member count is the sum of producers and consumers.
Finally, the client informs the system whether it is a producer or not. After instantiating the DQ
object, the client must complete the protocol by calling the Wait() routine. This blocks until all of
the members have joined the queue before allowing any data transfer to take place.
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5.2.2 Data Transfer

Once the join phase is complete, producers can begin sending data, and consumers can
begin receiving data. To place data into the queue, a producer calls Put(), with appropriate argu-
ments. This routine returns when the buffer and arguments have been accepted by the system; at that
point, the buffer can be re-used 1. On the consumer side, consumers call Get() to retrieve data from
the queue. The function returns a buffer and arguments that one of the producers has placed into the
system, or returns NULL if there is no more data present and all producers have left the queue.

On the producer side, if a producer wishes to guarantee that all of its data has been received
by a consumer, PutSync() can be called, which blocks until that is the case.

The only data ordering that is guaranteed by the distributed queue is on a point-to-point
basis: if a particular producer pi places data block B1 into the distributed queue before B2, and a
consumer ci receives both data items, ci will receive B1 before B2.

5.2.3 Leave

To leave the queue, each producer deletes its DQ object. When this occurs, the system
sends a notification to each of the consumers that this particular producer has exited the system.
When all of the producers have exited the system, a consumer that attempts to Get() data from the
queue will receive a end-of-queue notification (NULL), and thus know that they too should leave the
queue, and do so by deleting the DQ object.

5.3 Implementation

We now turn to the implementation of the DQ interface. First, we again discuss the con-
struction of the join protocol, the data transfer implementation, and the leave implementation.

5.3.1 Join

When joining a queue, each client, whether producer or consumer, creates an Active Mes-
sage endpoint, and then registers two pieces of information with a centralized name service: the
endpoint name, so that other members of the queue will know how to communicate with this client,
and whether this client is a producer or a consumer.

When the Wait() routine is called, each client contacts the name service to look up the
list of clients who have joined so far, until all members have joined. Once all have joined, each client
walks the list of queue members, and binds each remote name into its communication endpoint;
binding is required by Active Messages to enable communication. When the Wait() routine returns,
the clients are ready to communicate with one another.

1Even though the buffer can be re-used, this does not imply that a consumer has received the data when Put() returns;
the data could be in the network, for example.
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// wait for some credits to become available
while (TotalCredits == MaxOutstanding) {

Comm_WaitForMessage();
}
TotalCredits++;

// find random consumer that meets threshold criterion
do {

c = Random() % TotalConsumers;
} while (Credits[c] == Threshold);

// send data
Credits[c]++;
Comm_Send(c, Data);

Figure 5.3: DQ Algorithm: Producer-side Put Internals. The basic producer side of the DQ
Put() routine is shown. When a producer has data to send, it first waits for some credits to become
available. Then, it randomly picks a consumer that has some per-destination flow control available,
and sends the data to that consumer.

5.3.2 Data Transfer

The most important aspect of the distributed queue implementation is the data transfer pro-
tocol. There are many implementation possibilities here: should producers push data at consumers,
or should consumers pull data from producers? How much information should be exchanged about
the relative rates of execution of consumers? The main concern in the construction of the data transfer
protocol is to make no performance assumptions – producers must not rely on a priori performance
characteristics of consumers.

The basic algorithm is show in Figure 5.3. There are two key ideas which are combined to
arrive at the algorithm: randomness, when picking among equivalent consumers, and feedback, via
flow control. The latter of these is the critical element to attain the desired behavior under consumer
perturbation.

When a producer has data to send to a consumer, it calls the Put() routine. Internally,
the library goes through the following three steps. First, the producer checks to see how many total
outstanding messages it has in the network. If there are “too many” outstanding, as determined by a
threshold value, the producer waits until at least one has returned. Once there are credits available, the
producer has to pick a particular consumer to which it will send the given data. It does so by picking
a random consumer, and then checking to see if there are already too many outstanding messages to
that consumer. If there are “too many” to that consumer, the producer picks another consumer and
repeats the check. If not, the producer proceeds, and performs the third step of the algorithm, which
is to send that data to the chosen consumer.

The reason for two levels of credit is as follows. When there are no credits available,
the desired behavior of the producer is to wait for a message to return; the value TotalCredits
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provides a simple check for this condition. Thus, though the first counter is redundant, it simplifies
the implementation.

On the receive side, the implementation is straight-forward. When a consumer calls Get(),
it waits for a message to arrive by using the event mechanism available from the Active Message layer.
When that message arrives, the DQ library wakes up and extracts the message from the network by
polling. The message is packaged and returned to the consumer. The DQ library also sends a reply
to the producer, indicating that it has received the message. When the producer receives this reply, it
updates the flow control counters mentioned above.

5.3.3 Leave

Finally, when leaving the queue, a producer deletes its DQ object. The deletion has the side
effect of sending a message to each consumer informing them that this producer has left the queue.
When all producers have left the queue, each consumer knows that no more data will be sent to them.
Thus, after they have consumed any remaining data, the Get() call will return NULL, indicating an
end-of-stream. The consumer should then delete its DQ object, which removes the DQ information
from the name server, completing the session.

5.4 Discussion

5.4.1 Why does it work?

The basic DQ algorithm relies heavily on flow control to achieve the desired behavior. The
flow control works at two different levels. First, there is a counter of the total amount of credits avail-
able represented by the variable TotalCredits in Figure 5.3. The number of credits is equivalent
to the total number of messages that can be outstanding at any given time from this producer to all
other consumers. The counter is incremented on message sends, and decremented on reply receipt,
and serves to ensure that there are only a finite number of total messages in the network at once, and
provides an easy check as to when the producer should block and wait for replies.

Second, there is the per-consumer array Credits, which is incremented upon message
send, and decremented upon reply receipt as well. This array is the method in which the algorithm
builds “performance trust” – if a consumer replies frequently, its counter in the array will more often
be low or zero, and therefore that consumer will receive more data. If the consumer is sent data, but
does not consume the data, the array will eventually indicate this to the producer, which will then
choose another target. Thus, the array serves as the producer’s window into the progress of remote
consumers.

Note that when the consumers are the bottleneck in the data transfer, the producers will have
most of their credits outstanding, and therefore the algorithm degenerates to a pull-based, feedback-
driven system, with each message reply essentially pulling the next piece of data to the replying
consumer. When the consumers are not the bottleneck, the producers have plenty of credits, and
the algorithm degenerates to a completely randomized choice of consumers. In that scenario, we
believe that the random selection of a consumer is more stable than a deterministic choice, and less
likely to lead to unexpected performance problems, in accordance with advice from Brewer and
Kuszmaul [27].
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5.4.2 Push-based or pull-based?

There is also the question of whether to utilize a push-based or pull-based algorithm, which
we believe is a false dichotomy. The algorithm described above is push-based on the surface, as pro-
ducers pick a consumer and push data to them. However, when the consumers are the bottleneck,
each reply that is sent from a consumer to a producer implicitly pulls the next piece of data to that
consumer. Thus, it becomes much more like a pull-based algorithm when consumers are the bottle-
neck.

5.4.3 Isn’t it load-balancing?

It would seem that the functionality that the distributed queue is providing is only load
balancing, which has been studied extensively in the literature [2, 20, 67, 126]. However, there are
many effective load-balancing algorithms that are not performance-available; they make performance
assumptions of one form or the other, and thus do not meet our demands.

For example, a centralized scheme could use a single machine as a rendezvous point, per-
haps best matching producers with consumers for each data item. The performance assumption that
this algorithm makes is that the centralized match-maker will not suffer from performance faults. If
it does, the performance of the entire system suffers.

More advanced schemes have been proposed in [2, 67]. The basic algorithms therein utilize
a probe-then-send model. In this scheme, n consumers are chosen uniformly at random, and then
queried as to their current queue length. When all of the replies filter back, the producer picks the
consumer with the least data in its queue, and sends the data to it. The performance assumption that
this family of algorithms makes is that the probes will return in a timely manner. However, if any one
of the probed consumers exhibits performance deficiencies, the result is that the producer spends too
long of a time waiting for a response to its query.

5.4.4 What are the limitations?

One problem with the distributed queue algorithm is that due to interactions with the un-
derlying message layer, it does not work well with “large” messages. A large message is one that
must be segmented into smaller units in order to be transmitted to a remote host, due to constraints
dictated by the underlying message layer. If the large message must be sent to a single consumer, the
algorithm described above will not work properly – in sending a long message to a single host, the
producer will use all of its flow control credits for that host, and if that consumer is perturbed, the
producer’s performance will become proportional to the rate of the slow consumer throughout the
entire transfer. We will discuss how to work around this problem when it occurs in later chapters.

Another problem with this implementation is that although the data transfer protocol is
performance robust, as we show experimentally in the next chapters, the join and leave protocols are
not. Therefore, if a single member of the queue is slow during the join or leave phases, it will have
a severe global performance impact. Though this could be remedied with a more sophisticated set
of protocols, we found that this dramatically impacted code complexity, while solving what is only
a second-order performance problem. As most time is spent in data transfer, Amdahl’s Law [3] and
Occam’s Razor [121] combined to suggest the retention of the basic join/leave protocols.
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Finally, the distributed queue does not contain any notion of locality. Thus, there is no
provision for applications that would like to bias a particular producer to deliver its data to a particular
consumer. In the future, a preference-aware distributed queue might be of some value.



Chapter 6

Graduated Declustering

The second core distributed algorithm that we will study is called graduated declustering
(GD). Whereas distributed queues can be used to circumvent the consumer problem, they are not of
use when the producer of a given data set is perturbed, and thus becomes the bottleneck for the data
transfer. Thus, graduated declustering can be used to cope with the producer problem.

In this circumstance, if there is no alternate source for the perturbed portion of the data set,
there is little one can do – the data transfer will execute at the rate of the slow producer. However,
if the data set has been replicated to one or more alternate sites, the question arises as to how to best
make use of those replicas.

In this chapter, we will explore a particular distributed algorithm for utilizing mirrored data
sets to solve the producer problem. By carefully scheduling bandwidth usage from the perturbed
producers among consumers of the given data set, consumers all progress at the same rate, and thus
no excessive harm arises from producer-side performance faults.

Graduated declustering is particularly useful in the case when an application is reading
a large data set in parallel. In that instance, disks are the producers of the data, and the parallel
application is the consumer. This scenario arises in many data-intensive environments, including
both data-mining and decision-support systems.

6.1 Desired Behavior

We first discuss the desired behavior of graduated declustering. As shown in Figure 6.1,
we are designing a construct that is slightly more complex than the distributed queue.

The basic goal is to tolerate producer-side performance faults. The manner in which we
accomplish this is as follows. First, we assume that each Di subset of the data set D is replicated at
least once. If there are N copies of each subset, we will refer to that as N -way graduated declustering.
Further, we assume that the N ·P producers are in most cases physically co-located across P entities;
for example, N · P producers are spread across a cluster of P machines. Thus, we are not assuming
any extra machine resources other than the capacity for data set replication.

We now describe how N -way graduated declustering behaves. Assume that there are
P machines on which producers are running. Thus, on machine Mi, there are N producers, Pi,
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Figure 6.1: Graduated Declustering. The abstract view of graduated declustering is shown. The
data set D is replicated on a per-partition basis. In this algorithm, there is a specific data movement
constraint – data generated by producer i or by one of its replicas must move to consumer i. The
corollary to this states that the number of consumers must equal the number of producers. The basic
algorithm functions by adjusting the rates of the producers such that each consumer receives a global
proportional share of the available bandwidth.
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P(i+P−1)%P , ..., P(i+P−N)%P , all but the first of which are replicas. Assume that on P remote ma-
chines that there are P consumers, C0 through CP−1, and that each consumer Ci consumes only its
portion of the data set produced by Pi and its replicas. Note that this is quite a bit different than the
distributed queue, where data from any producer can be sent to any consumer, and where the number
of producers and consumers is not necessarily equivalent.

Assume that each producer i produces data at a rate of RPi
. All producers on the same

machine share the same resource, and therefore the sum of the RPi
s on a particular machine equal

the rate of that bottleneck resource, RBi
. Thus, the total bandwidth available across all machines is:

Bmax =

i=P−1
∑

i=0

RBi
. (6.1.1)

However, there will be some number of perturbations added to the system, which will take away
some of that bandwidth. Each perturbation or performance fault on resource i uses RFi

bandwidth.
Assume that there are F faults present in the system, F0, F1, ..., FF−1, where 0 ≤ F ≤ P Thus, the
total bandwidth available to the consumers is:

Bavail =

i=P−1
∑

i=0

RBi
−

i=F−1
∑

i=0

RFi
. (6.1.2)

The goal of graduated declustering is to take the available bandwidth and divide it equally
among the P consumers, such that RC0

= RC1
= ... = RCP−1

= Bavail

P
. If this is accomplished,

then all the consumers will proceed at the same rate, and all finish the data transfer at the same instant,
and thus the performance faults in the system will have been tolerated as best as they could have been.

This global redistribution is accomplished via local producer bandwidth adjustments. Thus,
the total bandwidth from a given resource Ri is RBi

−RFi
, and this must be divided among all of the

producers that share that resource, that is Pi and all replica producers that share Ri. The one piece of
flexibility we have is how we apportion the bandwidth from the producers.

To give a concrete idea of how this should work, we present an example in Figures 6.2
and 6.3. In the first figure, we present a 4-disk, 4-consumer setting, with each disk slated to deliver
data at R MB/s. Without graduated declustering, each consumer would read data from the disk where
the data is, with the obvious producer problem occurring if any one of the disks runs at a rate less
than expected. In the example, the performance fault uses R/2 MB/s of the bandwidth of one of the
disks, and therefore the consumer reading the perturbed partition completes its scan in twice the time
of the others.

In the second figure, we see how graduated declustering solves the problem: by reallocating
the bandwidths from the mirrored partitions, each consumer receives its fair share of the global
available bandwidth, 7

8 · R MB/s. Of course, the challenge presented to the implementor is how
to arrive at this global reallocation of bandwidth quickly and in a distributed manner.

6.2 Interface

The basic library interface to graduated declustering is presented in Figure 6.4. Not unex-
pectedly, it is nearly identical to that of the distributed queue, as both of them are specific examples
of a general producer-consumer data transfer.
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Figure 6.2: No Graduated Declustering: An Example. This diagram depicts a parallel read
from disk without graduated declustering. Unperturbed disks normally deliver R MB/s of bandwidth,
and the one perturbed disk delivers half of that, R/2. Disk 0 is perturbed, and thus only half of its
bandwidth is available to the application. Without graduated declustering, client 0 does not receive
as much bandwidth as clients 1, 2, and 3.
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Figure 6.3: With Graduated Declustering: An Example. This diagram shows how graduated
declustering alleviates the problem of producer-side perturbations. Though disk 0 is perturbed, other
disks compensate their bandwidth allocations such that all consumers receive a fair-share of avail-
able aggregate bandwidth.
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// join the group
GD(String GDName, int UniqueID, int MemberCount,

int ProducerArray[], int Replicas);

// wait (MUST be called before sending any data)
void Wait();

// specify which data-set to consume
void GetInit(int LogicalProducer);

// leave the queue
˜GD();

// blocking put interface
Request_t *GetRequest(int LogicalProducer);
void Put(Request_t *R, char *Buffer);
void PutSync();

// blocking get interface (returns NULL on END-OF-STREAM)
char *Get(int &Size);

Figure 6.4: GD Interface. This figure shows the basic library interface to graduated declustering.
The join and leave protocol are nearly identical to the DQ interface, except that each producer that
joins must also specify which portion of the data set it is producing via the ProducerArray argument.
The data transfer interfaces are nearly identical to that of the DQ, except that the producer must first
pull a request from the consumer via the GetRequest() interface, and then respond to it via the
slightly modified Put() interface.
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6.2.1 Join

The join protocol is quite similar to the DQ join protocol. Here we discuss the differences.
The major departure is that each producer must specify exactly which partition of the data set that
they are providing. Also, GetInit() must be called by each consumer to specify which portion of
the data set that they are consuming. The Wait() routine is called in order to wait for all members
to join, before any data transfer occurs.

6.2.2 Data Transfer

The data transfer interface is similar to that of the distributed queue. Producers call the
GetRequest() routine to get requests from consumers, and then respond to those requests with
the Put() routine. Consumers call Get() to obtain data. The GetRequest() interface blocks
when there are no requests available, and the Put() interface will block when no more data can be
accepted; similarly, Get() will block when there is no data ready for the consumer.

6.2.3 Leave

Finally, the leave interface is identical to that of the DQ, and is accessed via the object de-
structor. When producers are finished producing, they delete the object, which informs the consumers
of their exit. More information on this is available in the previous chapter.

6.3 Implementation

In this section, we describe how graduated declustering is implemented. The main chal-
lenge lies in deriving a distributed algorithm for the data transfer, including details such as how
producer bandwidths are adjusted, how consumers pick the producer from which to get each data
item, and so forth.

6.3.1 Join

The GD join implementation is again quite similar to the DQ join implementation. All
members register information with a centralized name service, and then wait for all members to join.
Once all have joined, data transfer may begin.

6.3.2 Data Transfer

The most complex component of the graduated declustering algorithm is the data transfer
protocol. It involves adaptation on both the consumer and producer side. Figure 6.5 shows the basic
data transfer algorithms.
Consumer: Let us start with the consumer-side of the algorithm, for that is more straight-forward.
In N -way graduated declustering, a consumer Ci of a particular partition of the data set, Di, has
N choices of where to request a particular data item from. To jump-start the process, the consumer
sends out requests for a fixed number of blocks in the GetInit() routine, distributing them in a
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Consumer:

// set-up: prefetch some requests to get things going
GetInit(int LogicalProducer) {

PrefetchRequests(LogicalProducer, HowMany);
}

// client sends next request to replica that responded last
char *Get(int &Size) {

M = WaitForResponse(); // data from producer
// send next request to the producer that just responded
SendNextRequest(M->which, Progress);
// return last block to consumer
return M->data;

}

Producer:

// producer threads -- application writer creates these
Request_t *R;
while ((R = gd->ProducerGet(DataSetNum)) != NULL) {

char *Buffer = Read(R); // get data for request
gd->Put(R, Buffer); // return data to consumer

}

// scheduler thread -- internal to library
while (NotDone) {

p = CalculateNext(); // decide how to bias scheduling
ProcessRequest(p); // send data from chosen producer

}

Figure 6.5: GD Algorithm. This figure shows how the consumer-side and producer-side of the
GD library behave. The producer side consists of a single scheduler thread, internal to the library,
and then one thread per data set produced, which are created external to the library. Each external
thread repeatedly calls ProducerGet() to get a work description, performs the specified work,
and then hands the data to the library via the Put() call. The scheduler thread does the interesting
work. Based on the progress information that is sent along with each request, the scheduler decides
how to bias its processing of requests. Thus, if a particular consumer is lagging, it will get a higher
fraction of service. Finally, on the consumer side, we utilize an adaptive algorithm internal to the
Get() routine. First, a number of requests are prefetched by the GetInit() routine, which gives
the producers some work. Second, in the steady state, as each response comes in, the next request is
sent to the producer that responded. Thus, the more responsive a producer is, the more requests it
receives from a consumer.
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round-robin fashion among the possible producers. Thus, if we are sending out 10 requests, and there
are 2 producers, request 0 would go to producer 0, request 1 to producer 1, request 2 to producer 0,
request 3 to producer 1, and so forth.

The only adaptation on the consumer side occurs when replies come back from producers.
When a reply for a particular data block returns from a producer, the consumer requests the next data
item from that very producer. Thus, if one of the producers is much more responsive than another,
the consumer-side of the algorithm will adapt to that responsiveness by requesting more data from
the more active producer.

One more aspect of the consumer-side algorithm is quite important. Along with each re-
quest, the consumer sends extra information to the producer: the rate at which it is progressing
through the data set. This small amount of extra knowledge will be crucial to the producer, in de-
termining which consumers’ requests should be served. The progress metric that we use is the total
number of bytes that have been received by each consumer.
Producer: The producer-side of the algorithm is more complex. In Figure 6.5, the producer is
represented by two components. The first is a set of producer threads, one per replica, which each
receive requests from consumers, perform the work that is needed, and then send the data back to
the consumers. The client of the library must create these threads. Note that in N -way graduated
declustering, each machine will receive requests from N different consumers.

The second component is the scheduler thread. This thread is crucial to the proper oper-
ation of graduated declustering. It examines the rate of progress of each consumer, and then biases
the scheduling of requests so as to “catch-up” the lagging consumer. One important variable that
needs to be determined is how exactly to bias the queues. If the producer-side reacts too quickly,
unstable fluctuations may arise. If it reacts too slowly, it may never achieve the proper redistribution
of bandwidth. We will explore some of the possibilities in the next chapter.

Our current implementation schedules requests based on the exact progress of each con-
sumer; the consumer that is lagging is given preference over all other consumers. Thus, if a producer
is serving requests from two consumers, C1 and C2, and C1 has only received 100 blocks of data
while C2 has received 200 blocks, C2 will not get any blocks from the producer until C1 has caught
up to C2.

6.3.3 Leave

Finally, the leave implementation again closely matches the distributed queue leave imple-
mentation; more information on it is available in the previous chapter.

6.4 Discussion

6.4.1 Why does it work?

The distributed algorithm that implements graduated declustering is based on the following
intuition: if a producer is able to balance the rate of progress of the consumers to which it delivers
data to, and all producers strive for this localized balance, a global balance among all consumers will
be achieved. The key to success is the producer-side scheduler, which is directly in charge of the
biasing that must occur.
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6.4.2 When are perturbations too severe?

In N -way graduated declustering, data for a particular consumer is only available from
N data sources. N is often small, for example, 2 or 3, due to the high costs of replication. Not
surprisingly, limited redundancy can lead to the case where the perfect fair redistribution of global
bandwidth is not attainable.

Recall that the desire is for each of the consumers to receive a fair share of available band-
width, such that RC0

= RC1
= ... = RCP−1

= Bavail

P
. However, imagine that the producers for

some partition of data set are not able in sum to deliver the average bandwidth, because of a severe
perturbation. In that case, this global goal is not attainable.

There is not much one can do to cope with this limitation. As is the case with redundancy
to deal with actual failures, the more redundancy that is available to handle performance faults, the
better.

6.4.3 What are other scheduler metrics?

In the current implementation, the consumer “piggy-backs” information in consumer re-
quests in order to help the producer decide which consumer should receive what proportion of service.
The metric in use is currently the total number of bytes that each consumer has received, summed
over all of its data sources, over the lifetime of the run.

Clearly, other metrics are possible. The important aspect of the metric is that it should
give some notion of global progress towards the final goal. Average bandwidth also fits this defini-
tion, when each partition of the data-set is roughly identical in size. In the future, this metric could
be exposed to applications instead of kept internal to the library to allow for application-specific
scheduling.

It should be noted that if there is no metric available, because, for example, the amount of
data each producer will produce is unknown and likely to vary widely, the algorithm in its current
form will not work. Fortunately, we are mostly interested in reading data from disks, where the
amount of data to be read is always known.

6.4.4 Does each consumer have to read only its partition?

Finally, one might notice that the requirement that each consumer must read only its parti-
tion is overly restrictive. In some cases, one could imagine the utility of a general data transfer that
combines the flexibility of the DQ by sending more data to faster consumers with the GD replication
at the producer side.

However, we chose to implement a less general transfer for two reasons. First, it is common
in many real applications that need to scan through large data sets sequentially. Second, it is much
less complex to implement than the more general producer to consumer transfer. These are both in
alignment with our design principles.



Chapter 7

River Design and Implementation:
Discussion

In the previous three chapters, we have presented the design and implementation of the
River system. First, we presented the generalized data transfer problem, three principles to guide our
design, the specifics of the River programming environment, and then a concentrated discussion of
both distributed queues and graduated declustering.

In closing the design component of this dissertation, in this chapter we describe the keys to
performance availability, and then discuss the functionality we desire from underlying communica-
tion libraries, operating systems, and file systems.

7.1 Keys to Performance Availability

The key to performance availability in the River environment is to avoid performance as-
sumptions in the design of distributed data transfer operations. Performance assumptions lead to the
design of fragile transfers: a single misbehaving component can adversely affect the performance of
the entire operation.

However, in assumption-free systems, we incur extra design complexity. Instead of making
performance assumptions, the system must constantly gauge the performance of underlying compo-
nents. In designing such feedback-driven systems, we must be careful to keep them as lightweight as
possible; otherwise, the cost of adaptation will outweigh its benefits.

Our distributed queue algorithm uses implicit feedback [8]: no explicit information probes
are sent from producers to consumers. Instead, the producers track the responsiveness of consumers;
those consumers that respond more frequently to data requests are sent a larger fraction of subsequent
data requests.

Feedback in graduated declustering is more complex, and makes use of explicit information
exchanges. Consumers, in asking for data from replicated producers, continually update producers
with information on consumer-side progress. The producers, in turn, make use of that information to
balance the rate of progress of all of the consumers in a distributed fashion. Careful control of this
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feedback loop determines the effectiveness of the algorithm.

7.2 Requirements

We now discuss requirements from underlying layers, including the operating system, file
system, and communication layer.

7.2.1 Operating System

The operating system that the system is built upon is Solaris 2.6.1, a modern multi-threaded
UNIX [74]. We require one primary feature from it: good support for threads, which is present in
Solaris. Other modern operating systems, including Windows NT, HP-UX 10.0, and SGI Irix also
provide adequate thread support.

The importance of the thread system can not be understated. Threads facilitate the overlap
of communication, disk I/O, and computation. By assigning each module its own thread, we free
the application programmer from the concerns of explicit management of I/O. Because applications
often interact with I/O devices, including disks and the network, it is critical that the thread-support
is provided by the kernel, and not just a user-level package. Without kernel support, I/O operations
will block and suspend the entire process, and thus lose the benefits of overlap.

Virtual memory, though perhaps not as crucial as true thread support, also simplifies ap-
plication programming a great deal. Without it, buffer management becomes quite difficult, and
must be carefully controlled by the user. That said, the buffer management interface currently avail-
able in Solaris is quite primitive. The only method to control application buffering, and thus avoid
costly paging, is to pin down memory pages, a brute-force and costly operation. A better interface
to applications, perhaps informing them of how much memory they have via upcalls [34], would be
preferred.

The Solaris environment also offered some other features that were useful, although not
crucial to the implementation of River. Support for dynamic loading enabled the addition of scripting
capabilities. Also, the proc file system, and specifically the pstack program, which prints the
stack of an active program, was quite helpful in debugging in a distributed environment.

7.2.2 File System

Because many of our applications deal with disks, the behavior of the file system can be
quite important. The River system would like significant control over the disk, much of which is
currently not available in modern UNIX file systems. For example, data layout is completely hidden
from the application and system. Sometimes this information would be quite useful, in particular
when scheduling multiple data streams onto the same disk.

Buffer management, as performed by the file system, also can lead to some difficulties.
Straight-forward usage of the read() interface will result in file-system caching; for sequential
reads of large files, the result of this is the double-buffering problem [116]: half of memory is wasted
by buffering the file unnecessarily.
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Fortunately, Solaris does provide alternatives to the read() interface. First, the mmap()
and auxiliary madvise() interfaces allow advice to be passed to the operating system, which some-
times can avoid unnecessary buffering. Also, a directio() interface is available, which allows
applications to bypass the buffer cache entirely. Though this is an improvement, there is no easy way
for multiple applications to share buffers. A richer interface, in which the application could inform
the underlying file system of its intended access patterns, would be useful [96].

7.2.3 Communication Layer

Finally, we discuss the functionality of the communication layer. The communication layer
we use throughout this dissertation is a second-generation communication layer for clusters, Active
Messages (AM) [85].

AM provides reliable, unordered delivery of messages. Reliability is required for all of
the applications we have experience with to date, so placing this feature inside of the communica-
tion layer is reasonable from our perspective. Ordering sometimes is required by applications, and
therefore we must explicitly construct that feature on top of AM.

Another crucial feature of Active Messages is the support for blocking on communication
events. For example, when waiting for a message to arrive, a thread can go to sleep, freeing valuable
CPU resources. Other fast message layers [94, 123, 124] do not support blocking on communica-
tion events and thus require polling the network interface to receive messages; boundless polling
consumes many CPU cycles and is not appropriate for building an I/O infrastructure such as River.

The main point of contention is with the flow control provided by the library. Flow control
limits the number of outstanding messages an application can have, which can have quite important
interactions with our distributed algorithms, as we will see in the next chapter. For example, the dis-
tributed queue requires a certain number of outstanding messages to be able to move data efficiently;
if the right number of outstanding messages is not provided by the message layer, the distributed
queue will not function properly.

Of secondary concern is the request/response protocol that lies at the heart of AM. In some
circumstances, this is quite natural, but in others, it makes programming difficult. It would be useful
to provide an interface that extracted the next data item from the network and handed it directly to
the thread that requested it, instead of having control pass through an out-of-context handler as is
standard in all Active Message implementations [124].



Chapter 8

Experimental Environment

Before presenting results across a broad set of experiments, we describe both the simulation
and prototype experimental environments. We then present a method for generating performance
faults in a controlled manner into our experiments, allowing us to explore how the system copes with
such faults in a controlled, scientific manner.

8.1 Simulation Environment

Along with experimental results from a prototype implementation, we employ a set of sim-
ulations to demonstrate some of the properties of our distributed algorithms. The simulator which
we have constructed provides only low-level primitives to work with: queues, which consume data at
user-specified rates, and sources, which generate data at user-specified rates. Simulations of both the
distributed queue and graduated declustering can be readily constructed from these simple abstrac-
tions.

The simulator core consists of an event-based simulator, which takes as input actions to be
executed at specified virtual times, and processes them in virtual-time order. The event subsystem
is written in C for the sake of efficiency, whereas the rest of the simulation system, including queue
and source abstractions, callbacks, and other glue code, is written in Tcl [92]. Tcl allows for great
flexibility in assembling arbitrarily complex simulations, and in combination with the Tk Toolkit [93],
allows for visualization and animation of simulated scenarios.

We employ the simulator to explore basic algorithmic behavior under a wide range of sys-
tem parameters, most of which would not be feasible to measure in the prototype implementation.
The combination of both simulation and implementation leads to a better understanding and separa-
tion of algorithmic properties from implementation details.

An example of a simulation of the distributed queue is shown in Figure 8.1. There are only
two constructs: producer data sources, which produce data blocks at a fixed, user-specified rate, and
consumer queues, which consume data at a fixed, user-specified rate. Each producer may send data to
any of the consumers, using the distributed queue algorithm specified in the previous chapter. After a
block is produced, it takes latency microseconds to reach the desired consumer queue, at which point
it is placed in the consumer queue. Perturbations are modeled by altering the rate of consumption
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Figure 8.1: DQ Simulation Overview. The distributed queue simulation is presented. Data sources
on the left-hand side generate data blocks at a fixed, pre-specified rate. When a block is generated,
the distributed queue algorithm chooses which consumer to send the block too, if there are any flow-
control credits available, or otherwise waits for a response to previously sent messages. Sending
a block to a consumer is simulated by the block arriving in the selected consumer queue ‘latency’
microseconds after it is sent. Once in the consumer queue, the blocks are processed in FIFO order at
the rate of the consumer queue. When the block is processed, a message is sent back to the producer
indicating completion, and thus increasing the number of credits by one. The simulation continues
until each producer has produced a pre-specified, fixed number of blocks.
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Figure 8.2: GD Simulation Overview. The graduated declustering simulation is presented. The
simulation begins when each of the consumers send requests to the data replicas for various data
items. When a threshold number of requests have been received at the producer-side, a scheduler
is activated, which decides which request queue to service, based on its notion of remote consumer
progress (each consumer request includes the latest information on consumer progress). Serviced
blocks come out of the producer queue, and then are sent back to the requesting consumer, which
places the block in the consumer queue after ‘latency’ microseconds. When the block is finished
processing, a request for the next block is sent to the producer that produced the current block. The
simulation continues until each consumer has received a pre-specified, fixed number of blocks.
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of one or more consumer queues. Note that no network contention is modeled; we believe this is a
reasonable simplification, as we are trying to understand the algorithmic properties of the distributed
queue.

The graduated declustering simulation is depicted in Figure 8.2, and is slightly more com-
plex than the distributed queue simulation. Each producer has replica number of request queues,
one for each stream that it serves. A consumer that desires data from a particular producer sends a
small request to the proper request queue. The producer decides which consumer request to schedule
using a user-specified scheduling discipline; in most simulations, this will be the standard graduated
declustering algorithm as described in previous chapters. At the beginning of the simulation, each
consumer sends requests for data blocks to each of the producers that can serve those requests; as
replies filter back to the consumer, the consumer issues subsequent requests to those producers who
have replied.

8.2 Experimental Environment

We now describe the hardware environment of the prototype implementation. The River
prototype currently runs on a cluster of Ultra1 workstations connected together by the Myrinet local-
area network [21]. Each workstation consists of the following hardware:

• A 167 MHz UltraSPARC I processor [122], with separate on-chip instruction and data caches,
each 16 KB in size, and an off-chip 512 KB level-two cache. The on-chip instruction cache is
2-way set associative, whereas both data caches are direct-mapped. A read from the L1 data
cache takes 18 nanoseconds (3 cycles), and a read from the L2 cache roughly 54 nanoseconds
(9 cycles), as measured by the Saavedra memory micro-benchmark [104].

• Two Seagate Hawk 2.1 GB 5400-RPM disks, attached on a fast-narrow SCSI bus to the main
Sun I/O bus, the S-bus. One is commonly used for the OS and swap space, whereas the other
is used by our system for data. These disks can deliver roughly 5.45 MB/s of bandwidth from
the outer tracks, and 3.18 MB/s from the inner tracks1.

• 128 MB of main memory, with 324 ns (54 cycle) read time. Roughly 20 MB of memory is
used by the operating system.

• A single Myrinet card, also on the S-bus. Connecting the system together, these cards are
capable of moving data into and out of the workstation at roughly 40 MB/s.

The entire system is connected together via a series of Myrinet switches. A single 8-port
switch is capable of transferring 640 MB/s of data under no port contention. The topology of the
network is approximately a 3-ary fat tree; more details can be found in [37].

1Note that there is some slight variation across machines; some disks have been replaced with newer disks, and three of
the Ultra1 workstations are “Creators”, which have a fast-wide, not fast-narrow SCSI bus. This variation will be noted where
appropriate.
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8.3 Perturbations

We now discuss how we will generate performance faults into our experiments. In general,
our methodology will be to slow the performance of one or more hardware resources, and to measure
the overall effect on elapsed run-time. We will then compare results with that of an unperturbed
system, as well as plotting ideal and static system behavior.

As suggested by Noble et. al. in [91], we apply techniques from the area of control systems
to understand how our system reacts to perturbations [103]. The basic idea is to generate perturba-
tions to the system under test with reference waveforms. The system will be subjected to some form
of performance perturbation as dictated by the given waveform, and the reaction of the system will
be monitored to understand how quickly the adaptation to the input occurs. Sample waveforms are
shown in Figure 8.3.

We will use these waveforms to model perturbations in the system to a particular resource,
whether it be CPU, disk, or the like, primarily focusing on disk performance faults. An increase in a
waveform graph should be understood as an increase in fault utilization, and a decrease in the graph
is a corresponding decrease in utilization. We mainly utilize the step-up and step-down waveforms,
to judge the asymptotic behavior of the system under a change in resource availability.

8.4 Summary

In this chapter, we have described the simulation framework, the hardware environment for
the prototype implementation, and the method that we will apply to induce performance faults into
our experiments. We now proceed to the main technical portion of this dissertation, an experimental
study via simulation and implementation of the distributed queue and graduated declustering.
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Figure 8.3: Reference Waveforms. Four reference waveforms are shown. The first two, step-up and
step-down, are used to gauge how quickly the system reacts when a particular resource in the system
either becomes perturbed (step-up) or becomes unperturbed (step-down). The next two waveforms
are impulse-up and impulse-down. By varying the width of the pulse, these waveforms can be used
to determine how long a perturbation must be in place before the system takes note of it.



Chapter 9

Experiments with the Distributed
Queue

The next three chapters present experimental results of the two core distributed algorithms
of River, the distributed queue and graduated declustering. In this chapter, we begin our exploration
with micro-benchmarks of the distributed queue. Recall that distributed queues can be used to cope
with consumer-side performance faults, by sending data from producers to faster consumers. First,
we study the absolute performance of distributed queues under no perturbation, allowing us to fo-
cus on and understand basic algorithmic trade-offs. Then, we proceed with a series of experiments
where performance faults are induced, which are designed to uncover performance characteristics of
distributed queues when the system is under duress.

9.1 Absolute Performance

First, we examine the performance of the distributed queue algorithm in the ideal case,
where all components are functioning at expected performance levels. Crucial to the acceptance of a
mechanism such as the distributed queue is its performance in this scenario; if it is too heavyweight
or does not scale when the system is behaving properly, it is unlikely users will go to the effort of
using it to avoid performance faults.

The experiments within this section vary a large number of parameters, including the scale
of the system, network latency, message size, and the rates of the producers and consumers. In all
cases, our goal is to discover how sensitive the distributed queue algorithm is to these variables, and
properly configure the number of outstanding message credits for maximal performance.

9.1.1 Scale

The most basic parameter that we vary is the size of the system, i.e., the number of pro-
ducers and consumers, commonly referred to as scale. Ideally, the distributed queue algorithm will
perform well in both small and large cluster environments.
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Figure 9.1 shows the results from a set of simulations of the distributed queue, varying the
scale of the cluster, the rate of the both producers and consumers, and the number of outstanding
messages each producer is allowed. The scale of the cluster is plotted along the x-axis, and the
percent of ideal performance is plotted along the y-axis. Ideal performance is the case where the
consumers are kept busy 100% of the time when no consumers are perturbed; because bandwidth is
our performance metric, we are not concerned with response time.

From the graphs, we can ascertain a number of basic properties of the distributed queue.
The most prominent result is the number of outstanding messages that are needed. As one can
see, with only 1 total outstanding message allowed per producer, performance is good with only 1
producer and 1 consumer in the system (near 100%), but then drops dramatically, reaching only 58%
of ideal at 32 producers/32 consumers.

Increasing the number of outstanding messages allowed per producer substantially im-
proves performance. As seen in the figure, just 3 or 4 messages per producer attains 90 to 95% of
ideal, and roughly 10 messages outstanding per producer keeps consumers busy nearly 100% of the
time, even at large cluster sizes.

A model of the performance of the distributed queue in this situation is difficult to develop,
due to its stochastic nature, but can be approximated as follows. Given a certain number of outstand-
ing messages, the question we are trying to answer is: how often will each consumer be busy on
average? For the sake of simplicity, assume the network latency is zero, and that the processing time
per message is constant.

We develop a model as follows: assume we have p balls, and n bins. In the first round,
we will place all p balls into the n bins, uniformly at random. Then, in each subsequent round, we
will remove a single ball from any bin that contains one or more balls. All of those balls will then be
re-distributed uniformly at random over all n bins. Repeat ad infinitum. The obvious analogy to our
simulation is that each bin is a consumer queue, and each ball a message. Taking a ball out of a bin
is akin to a consumer processing a message.

We can solve the problem directly by enumerating the possible states of the bins, deriving
the probabilities of transitions from statei to statej for all pairs of states i, j, and then solving for
the resulting probabilities of residence in a given state. We can then deduce the average number of
consumers that are left idle over time, which gives us the fraction of peak performance that we would
achieve. However, as the number of states grows, solving the problem analytically becomes quite
involved; thus, a simple simulation of balls and bins is a good solution in practice.

As seen in Figure 9.1, this model, plotted as a line in the figure, matches the data points
from the simulation quite closely, for the case where each producer is allotted a single outstanding
message. Thus, we have confidence that our simulation is behaving as expected. However, when
the number of outstanding messages is increased, the model is no longer a perfect match. In this
situation, our balls in bins example does not keep track of which producer sent which message,
which is increasingly important. Solving the exact problem directly would thus become even more
complicated, and therefore we do not pursue it further.

We also investigate the performance of the distributed queue in the prototype implemen-
tation. As seen in Figure 9.2, the performance of the distributed queue is quite good under scale,
and with enough outstanding messages, extracts full or near-full bandwidth from the system. The
lone exception is when consumer bandwidth is set 15 MB/s; in that case, performance drops at scale,
which we discuss further below.
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Figure 9.1: DQ Absolute Performance: Scale (Simulation). Simulations of the performance of the
distributed queue under scaling are shown. Each graph varies the rate of the producer and consumer,
shown at the top of each graph, in MB/s. For example, in the upper-left graph, the producers’ rate
(Pr) is 5 MB/s, as is the each consumers’ rate. The number of producers and consumers is varied
together along the x-axis; therefore, at x=32, there are 32 producers and 32 consumers in the system,
for a total of 64 entities. Each set of points in each graph represents the particular number of
outstanding messages allowed per producer (f=x); multiplying this by the number of producers in
the system gives the total number of potential outstanding messages in the system. As one call see,
having roughly 10 messages outstanding per producer achieves full throughput even at large cluster
sizes. A model, as developed in the text, is plotted as a line in the figures, and matches the data quite
closely. For these experiments, all messages are 8KB blocks, and the network latency is fixed at 10
microseconds.
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Figure 9.2: DQ Absolute Performance: Scale (Prototype). Results from experiments with the pro-
totype implementation of the the distributed queue under scaling are shown. Each graph varies the
consumption rate of the consumers, from 5 MB/s up to 15 MB/s, while producer rates are unchecked.
Because of experimental difficulties, the producer rate is not constrained as in the simulations. In
each graph, the number of producers and consumers is co-varied along the x-axis; therefore, at x=16,
there are 16 producers and 16 consumers in the system, for a total of 32 entities. Each set of points
plots a particular number of outstanding messages allowed per producer (f=x); the data points de-
marcated with ‘DQ’ allots one credit per consumer (and thus matches the x-axis value). Performance,
as a percentage of ideal, non-perturbed performance, is shown along the y-axis. Performance is as
expected except when the consumer rate is set to 15 MB/s; at that point, network contention comes
into play; see Figure 9.3 for details.
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One difference between the simulations and implementation is the time at which a message
receipt is acknowledged by the consumer. In the idealized distributed queue algorithm, a message
response, indicating the processing of a message is complete, is sent to the producer only after the
message has been processed. However, this cannot be efficiently realized on top of Active Messages
due to the request-response communication model therein, which dictates that a message reply must
occur immediately after the message is polled from the network interface into memory. Therefore, the
implementation sends a response before placing the message in the consumer queue for processing.
The result is that in the implementation, a message acknowledgment is not as strong of an indicator of
how the remote consumer is progressing; however, it is still a reasonably good steady-state indicator
that the consumer is active and accepting messages. Thus, fewer outstanding messages are needed
in order to keep performance high, because producers do not need to tolerate the latency imposed by
consumer consumption.

One other point of interest occurs in the third graph of Figure 9.2, when consumer band-
width is set to 15 MB/s, for all sets of data points. In that set of experiments, at 12 producers sending
to 12 consumers and higher, performance suddenly dips below expectations; even with one outstand-
ing message per consumer, performance is only 88% of ideal.

After some instrumentation, we find that the reason for the performance drop-off is unfair-
ness in the network. Figure 9.3 plots the average bandwidth that each producer achieves while it is
active, for consumer rates of 5, 10, and 15 MB/s. In the first two graphs, each producer gets a fair
share of consumer bandwidth, as seen in the figure. However, for the case where the consumer rate is
15 MB/s, some producers receive a noticeably higher fraction of the bandwidth; producer 1 receives
17 MB/s, 2 MB/s higher than expected, while producer 16 receives about 13 MB/s, 2 MB/s less than
expected. The performance drop-off is commensurate to this, as performance is dictated by the slow
node.

What we realize from the figure is that the distributed queue algorithm presumes fairness
in the network. If the network is not fair, some consumers will receive more packets from some of
the producers, who will thus finish more quickly. Other producers, who receive less of the aggregate
consumer bandwidth, will finish later than expected. The problem could be solved in software, by
having each consumer monitor the rate of progress of each producer, and adjust to consumption ac-
cordingly, but, due to increased implementation complexity as well as a low likelihood of occurrence,
we leave this enhancement to future work.

We also investigate the resource costs of the basic implementation, by determining the
number of CPU cycles spent in transferring data from producers to consumers. Figure 9.4 plots the
percent of the CPU utilized by both a producer and a consumer over the lifetime of a run.

From the graphs, we can make two basic observations. First, the consumer utilizes more
of the CPU than the producer, roughly 55% to 45%. Second, we also notice that a good deal of time
is spent in the kernel – 21.5% for the producer and 19.6% for the consumer. All of the time spent in
the kernel is attributed to Active Messages, and therefore we do not explore it any further.

We can also calculate cycles/byte ratio from the figures. During the experiment, the dis-
tributed queue sustains a throughput of 26 MB/s. Therefore, the producer cost of the distributed
queue is roughly 2.78 cycles/byte, and the consumer cost is 3.39 cycles/byte, all relative to the 167
MHz UltraSPARC-I processor.

We now break down the user-time in more detail. Figures 9.5 and 9.6 show the producer-
side and consumer-side breakdown, respectively, of user-time spent in the distributed queue. To
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Figure 9.3: DQ Producer Fairness (Prototype). The graphs plot the average producer bandwidth
over the lifetime of an experiment. In the experiment, 16 producers send data to 16 consumers. The
consumers receive data at 5 MB/s, 10 MB/s, and 15 MB/s, which is varied across the three graphs.
In the first two graphs, each producer receives a fair share of the bandwidth, and thus they all are
able to finish at the same time. However, when each producer sends data at 15 MB/s, contention in
the network begins to appear, leading to an unfair biasing towards some of the producers.
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Figure 9.4: DQ CPU Utilization (Prototype). The figure plots CPU utilization during a run of a
micro-benchmark of the distributed queue, with producers and consumers unthrottled (running at full
rate). On the left, the CPU utilization of the producer is shown, and the consumer utilization on the
right. Both graphs plot two lines: the bottom line is user CPU time, and the upper line the sum of user
and system time. Average utilization is shown in the key. Average throughput per producer/consumer
for this experiment is 26 MB/s.

Copy 7280 / 11310 (64.37%)
memcpy -- 7280 / 11310 (64.37%)

AM Routines 2763 / 11310 (24.43%)
SetAndWait/Poll/Other -- 2442 / 11310 (21.59%)
Transfer -- 321 / 11310 ( 2.84%)

DQ Library 1190 / 11310 (10.52%)
Modulo Arithmetic -- 282 / 11310 ( 2.49%)
Random Number -- 154 / 11310 ( 1.36%)
Translation -- 203 / 11310 ( 1.79%)
Transfer -- 406 / 11310 ( 3.59%)
Wait -- 87 / 11310 ( 0.77%)
Other -- 58 / 11310 ( 0.51%)

Unaccounted 77 / 11310 ( 0.68%)

Figure 9.5: DQ Producer CPU Utilization (Prototype). The figure shows the user-time CPU
breakdown of where time is spent on the producer-side of the distributed queue. Memory copy is
dominant, accounting for 64% of user-CPU time, and raw AM costs another 24%. Inside the dis-
tributed queue library, the random number generation, and the modulo arithmetic required to reduce
it to the proper set, account for a total of 3.85% of user-time. Data is gathered via PC sampling.
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Copy 7995 / 13150 (60.80%)
memcpy -- 7995 / 13150 (64.37%)

AM Routines 2220 / 13150 (16.89%)
SetAndWait/Poll/Other -- 1972 / 13150 (15.00%)
Transfer -- 248 / 13150 ( 1.89%)

Memory Management 1457 / 13150 (11.08%)
Malloc/New -- 644 / 13150 ( 4.90%)
Free/Delete -- 813 / 13150 ( 6.18%)

Locking 456 / 13150 ( 3.47%)

DQ Library 888 / 13150 ( 6.75%)
Transfer -- 493 / 13150 ( 3.75%)
Translation -- 21 / 13150 ( 0.16%)
Other -- 374 / 13150 ( 2.84%)

Unaccounted 134 / 13150 ( 1.02%)

Figure 9.6: DQ Consumer CPU Utilization (Prototype). The figure shows the user-time CPU
breakdown of where time is spent on the consumer-side of the distributed queue. Memory copy
is again dominant, at almost 61% of user-time, and raw AM calls account for only almost 17%.
Memory management, which involves allocating (and eventually deallocating) a buffer per message
receipt, is noticeable at 11%. The actual time spent in the receive side of the distributed queue library
is small, only 6.75%. Locking, which only occurs inside the C and AM library (not in the distributed
queue), accounts for 3.5%. Data is gathered via PC sampling.
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collect the data, we utilize PC sampling, a well-known technique to gather information about where
an application is spending its time [58].

Roughly two-thirds of user-time is spent in the copy routine, internal to the Active Mes-
sages library, which copies data on outgoing sends. Raw Active Messages calls account for most of
the rest of the time spent. Little time is spent in the distributed queue library, which picks a consumer
to send data to and does so immediately, though the time spent in random number generation and
subsequent modulo are noticeable.

Thus, the performance of our prototype implementation is quite satisfactory, scaling well
to 32 total machines, and not using an excessive amount of CPU cycles, roughly 3 cycles/byte.

9.1.2 Latency

We now vary the latency of the network, in order to understand its effects on the distributed
queue. In the simulations, latency is modeled as the time for the data to travel from producer to
the consumer queue, and matches the definition found in the LogP model [38]. Outside of the ex-
plorations in this set of experiments, we assume a latency of 10 microseconds, in accordance with
networks of modern networks [39].

Figure 9.7 plots the performance of the distributed queue as a fraction of ideal performance
versus the latency of the network, for three different cluster sizes of 4, 16, and 32 total nodes; each set
of points refers to a different number of outstanding messages per producer. Each line in the figure
is a plot of a model of expected performance, which is developed below. As one can see, the model
predicts performance as a function of latency quite accurately.

The results reveal that, not surprisingly, higher latencies demand an increase in the number
of outstanding messages. By increasing the amount of flow control, each producer is able to hide the
latency of the network, even in networks of unrealistically high delays of 10s of milliseconds.

We now develop a model to explain the behavior of the distributed queue under increased
latency. By assuming that the number of outstanding messages is “high enough”, we avoid the
stochastic difficulties of the model developed in the previous section, and can generate useful models
of system behavior.

For the following development, we assume that the consumer is the bottleneck in the trans-
fer, and that each producer sends data infinitely fast 1. Each of P producers is allowed n total
outstanding messages.

We assume the vantage point of a single consumer. The consumer processes each message
it receives in time TB . Because each of P producers is allowed n outstanding messages per consumer,
at startup, the consumer will have P · n messages to process in its queue. The time it takes the
consumer to process those messages is:

Tprocess = P · n · TB . (9.1.1)

For the consumer to remain busy 100% of the time, it must receive the next message to process from
any producer before it is finished with this set of messages, and continue to receive messages at that
rate. The next message will be sent from the producer whose message is processed first, and when the
consumer finishes processing that first message, it sends an acknowledgment to the producer, which
causes the producer to send another message to the consumer.

1We can remove this assumption without loss of generality; however, it simplifies the discussion.
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Figure 9.7: DQ Latency Effects (Simulation). The graphs plot the performance of the distributed
queue as a function of increasing latency in the cluster; note that latency is in milliseconds, not
microseconds. Each graph represents a different cluster scale, as noted in the titles (P=number
of producers in simulation, C=number of consumers). The different data points represent different
numbers of flow control credits given to each producer (f=x); divide that number by the number of
consumers to get the number of credits per consumer allowed each producer. The lines plotted are
generated from models, as developed in the text, and match the simulations quite closely. In general,
higher latencies can be overcome by increasing the number of credits available. For most reasonable
latencies, producers do not need more than one outstanding message per consumer.
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The time to receive that next message can thus be derived. It is the sum of the time to
process the first block, plus the latency of the network to send the acknowledgment from the consumer
to the producer, plus the latency to send a message to the consumer:

Tnext = TB + 2 · TL, (9.1.2)

where TL is the latency of the network.
Thus, for the consumer to remain 100% busy, Tnext must be less than Tprocess. If this is

the case, the consumer will remain busy in steady-state. Substituting in Equations 9.1.1 and 9.1.2,
and solving for n, the number of messages outstanding per producer, we arrive at:

n ≥
2 · TL + TB

P · TB

. (9.1.3)

We can also rearrange this to derive the “break-even point”; the highest value of latency
that will achieve 100% of ideal performance:

TL =
(P · n − 1) · TB

2
. (9.1.4)

Finally, in the regime where performance is less than 100%, the percent of time the con-
sumer will be busy, known as its duty cycle, is given by the following, which corresponds directly to
the percent of ideal performance achieved:

PercentBusy =
P · n · TB

2 · TL + TB

. (9.1.5)

Thus, the model of performance as a function of latency, TL, can be written closed form as
follows:

Performance(TL) =

{

100% TL ≤
(P ·n−1)·TB

2
P ·n·TB

2·TL+TB
TL > (P ·n−1)·TB

2

(9.1.6)

The models are plotted in Figure 9.7 as lines, and match the data obtained from the simu-
lations quite closely.

We end our discussion of latency with a few generalizations. First, for most reasonable
cluster sizes of 10 or more machines, and large messages of 1 KB or more, latency in modern net-
works is insignificant. That said, in environments with larger latencies, the number of outstanding
messages allotted per producer by the distributed queue per producer must be tuned properly, oth-
erwise performance will suffer proportionally. If the latency has a fixed cost, this can be perhaps
be configured once, before the system comes on-line. In more dynamic environments, an adaptive
algorithm, similar to the dynamic TCP congestion control algorithm, could be employed [66].

9.1.3 Message Size

We next investigate the results of varying the size of each message, which in turn alters the
message-processing cost, TB . TB is calculated directly by dividing the size of the message by the
rate of the consumer. Thus, an increase or decrease in message size will affect a proportionate change
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Figure 9.8: DQ Message Size Effects (Simulation). The size of messages (and thus the processing
time per message) is varied. The percent of peak (ideal) performance is shown on the y-axis. Each
of three graphs varies the number of producers and consumers in the cluster; in the title, (P=x, C=x)
implies that there are x producers and x consumers in the simulation. Each set of points in a particu-
lar graph corresponds to the total amount of flow control allowed per producer (f=x); divide x by the
number of consumers to get the per-consumer flow control amount. For these experiments, producer
and consumer production rates are fixed at 5 MB/s, and the network latency is 10 microseconds.
In general, only for very small message sizes is more than one outstanding message per consumer
required.
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in processing time. A slightly more sophisticated model, that included a fixed overhead per message,
could similarly be developed.

Figure 9.8 plots the results of simulations that vary the message size, the scale of the cluster,
and the number of outstanding messages allowed per producer. The question we are attempting to
answer is: how many outstanding messages are necessary in order to keep the remote consumers
busy? In general, with smaller cluster sizes, or smaller messages, more outstanding messages will
be required, as is seen in the graphs. The reason small cluster sizes need to allow more outstanding
messages per producer is straight-forward: with few producers in the system, it is quite difficult to
keep the consumers busy, as the stochastic effects of the randomized distributed queue algorithm take
effect. However, for reasonable-sized clusters of 8 producers/consumers or more, or reasonable-sized
messages of 32 bytes or larger, only 1 outstanding message per consumer is required to attain peak
bandwidth.

The models shown in the graphs are the same as developed in the section on latency, rear-
ranged in order to plot performance as a function of message size. Once again, the models match the
simulated results quite closely.

Thus, the simulations tell us that the distributed queue implementation is free to use mes-
sage sizes of almost any reasonable size. Currently, the choice is 8 KB; thus, if data is placed into the
queue that is smaller than that size, it will be buffered, and when enough data is gathered, it will be
sent. Though smaller sizes would be effective, because the latency of remote processing and network
transit time can be hidden with just a few outstanding messages, they exact a different cost: pro-
cessing overhead, which is not modeled in the simulations. Thus, larger messages should be utilized
where possible.

9.2 Performance Under Perturbation

Having understood the basic performance properties of the distributed queue, we now turn
to a study of its behavior under perturbation. We induce controlled performance faults into the system
by altering the consumption rates of consumers, and monitor how the distributed queue algorithm is
able to cope with them.

9.2.1 Perturbation Spectrum

We begin our experiments by examining overall performance under a broad spectrum of
performance variations. We first examine simulation results, shown in Figures 9.9 and 9.10. In gen-
eral, within the experiments, we increase the number of consumers that are undergoing performance
faults along the x-axis, and monitor overall system performance in response.

In Figure 9.9, the rate of consumption is varied across each graph, from 5 MB/s up to
40 MB/s, and the the number of perturbed consumers increases along the x-axis, from zero to the full
cluster size. All other parameters are held constant. The data is plotted as a set of points, and the
model of ideal system performance, as developed in Chapter 2, is plotted as a line. In all cases, the
performance of the distributed queue is quite good, closely matching ideal. In general, as the rate of
consumption per consumer is increased, while holding the rate of production per producer constant,
the amount of slack in the system increases. Accordingly, the number of perturbations to consumers
that can be tolerated increases.
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Figure 9.9: DQ Perturbation Spectrum: Consumption Rate (Simulation). The simulated perfor-
mance of the distributed queue is shown under a range of perturbation experiments. In each graph,
the scale is set to 16 producers and 16 consumers, the latency is 10 microseconds, the rate of the per-
turbed consumer is 1 MB/s, and each producer is allowed 16 outstanding messages. Across graphs,
the rate of each producer is 5 MB/s, and the consumer’s rate is varied, from 5 MB/s to 40 MB/s.
The data points plot the percent of peak performance achieved by the DQ algorithm under a range
of perturbations, with the number of consumers perturbed increasing along the x-axis, and the lines
plot the model of ideal performance developed in earlier chapters. In general, performance is quite
good, always quite close to ideal. As the rate of the consumer increases (from left to right, and top to
bottom, in the graphs), the number of perturbations that can be tolerated without any performance
loss increases, as there is more slack available in the system.
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Figure 9.10: DQ Perturbation Spectrum: Perturbation Rate (Simulation). In this set of graphs,
simulated performance of the distributed queue is plotted, this time varying the rate of the perturbed
consumer. Again, scale is set to 16 producers and 16 consumers, latency to 10 microseconds, flow
control to 16, and the rate of producers and consumers is fixed at 5 MB/s. In the graphs, the per-
turbations reduce consumption to 1 MB/s (PertRate = 1 MB/s), 2 MB/s, and 3 MB/s. The milder the
perturbation, the less impact it has on overall performance.

Figure 9.10 varies the rate of the perturbed consumer, while holding all else constant. With
milder perturbations, system performance does not drop as severely.

Results from the prototype implementation are shown in Figure 9.11. As one can see
from the graphs, performance is excellent across the range explored, and scales well even as the
number of nodes is increased in the system. Though we do not cover the same range of performance
perturbations as in the simulations, all results that we have gathered to date perform excellently as
expected.

One crucial aspect to the implementation of the distributed queue is the behavior of the
underling message layer. In particular, the message layer must not restrict the number of outstanding
messages to less than the distributed queue desires; if the layer does so, the performance of the
distributed queue under perturbation will not be as expected. Most message layers, including AM,
restrict the number of outstanding messages to an arbitrary number, chosen by the message-layer
developers. We now explore what happens when the number of outstanding messages is restricted.

9.2.2 Flow Control

In earlier sections, we have demonstrated that the number of outstanding messages is an im-
portant parameter, and must be adjusted properly in order to keep messages flowing efficiently when
there are no perturbations in the system. We now explore how perturbations impact flow control.

Figure 9.12 plots the results of simulations that vary the amount of available flow control,
for three different rates of consumption. Each set of points represents performance with a given
amount of flow control.

The simulations reveal the importance of flow control to the algorithm in the face of per-
turbation. In cases where the number of flow control credits is less than or equal to the number
of perturbed consumers, performance suffers. In other words, if a producer does not have enough
message credits to keep at least one outstanding to each of the slow producers plus some at the non-
perturbed others, performance will suffer, as the algorithm will not be able to “remember” which
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Figure 9.11: DQ Perturbation Spectrum: Scale (Prototype). The performance of the distributed
queue prototype implementation is shown under a range of perturbation experiments. As with the
simulations, the number of perturbed consumers is increased along the x-axis, and the percent of
ideal performance is shown on the y-axis. Each graph changes the scale of the system under test,
from 8, to 12, and then 16; a scale of size n implies that there are n producers and n consumers
on a total of 2n machines. For this set of experiments, consumption rates are set to 5 MB/s, and a
perturbation reduces the rate of consumption to 1 MB/s (PertRate = 1 MB/s). From the graphs, one
can see that performance across all three system sizes is quite good. Note that the right-most graph
in this figure matches the simulation results in the left-most graph of Figure 9.10.

nodes were the slow nodes.
From these simulations, we can conclude that the distributed queue algorithm should al-

ways have at least one message outstanding message per consumer; this delivers to each producer a
perspective on the remote performance of all consumers in a straight-forward, simple, and effective
manner. Without at least one outstanding message per consumer, there is a possibility that some
number of faults could combine to deliver less than ideal performance. Thus, the underlying message
layer must not restrict the number of outstanding messages to less than the number of consumers in
the system. The current Active Messages implementation has a hard limit of 30 total outstanding
messages2; thus, if there are more than 30 consumers in our system, we will not be able to success-
fully tolerate more than 30 performance faults to consumers.

9.2.3 Total Work

One essential ingredient to tolerating performance faults is the presence of excess paral-
lelism. For example, if there were only n items of work to perform, and n consumers, a perfect dis-
tribution through the distributed queue would lead to 1 piece of work per consumer, and performance
would be dictated by the rate of the slowest consumer. Even in more realistic settings, excessively
perturbed nodes could lead to end-of-run effects that surprisingly become first-order performance
factors. Therefore, we next explore the amount of parallelism necessary to tolerate performance
faults.

Figure 9.13 plots the simulated performance of the distributed queue under a single per-
formance fault, as a function of the total amount of data pushed through the queue. The data from

2This number arises from a hardware limitation on the Myrinet network-interface card in tandem with design decisions in
AM.
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Figure 9.12: DQ Importance of Per-Consumer Flow Control (Simulation). The amount of flow
control is varied under a set of perturbation simulations. Each graph plots the performance under
perturbation for a range of flow control credits (f=x, the total number of credits given to each pro-
ducer) for a particular rate of consumption, in this case, rates of 5, 10, and 15 MB/s. Without a
credit per consumer, it is not possible to tolerate the full range of perturbations. For these experi-
ments, there are 16 producers and 16 consumers, the rate of production is 5 MB/s, network latency
in 10 microseconds, and block size is set to 8 KB.
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Figure 9.13: DQ Needs Excess Parallelism (Simulation). The figures plot performance under a
single perturbation as a function of the total amount of work that is pushed through the distributed
queue. In a given figure, each set of points represents a particular size of the simulated cluster
(N), and each line is based on the model as developed in the text. The consumption rate of the
perturbed consumer is varied across the three graphs, from quite severe (0.1 MB/s, or 50x slower
than an unperturbed consumer) to less so (1.0 MB/s). In all cases, if only a small number of blocks
pass through the distributed queue, the system will be vulnerable to performance faults. For these
experiments, there are 16 producers and 16 consumers, the rate of production is 5 MB/s, network
latency in 10 microseconds, and block size is set to 8 KB.
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the simulations are plotted as points, and the lines represent models of expected performance, as
developed below.

As we can see from the graphs, if only a small amount of work is placed into the distributed
queue, it does not perform well, as the time for the perturbed consumer to process its remaining
blocks after all others have finished takes a significant proportion of overall run-time. Because each
producer is willing to send one message to each consumer, even the slowest consumer will receive p
messages, where p is the number of producers in the system.

Thus, the expected time for a run, as determined by the slowest node in the system, can be
determined as follows. The following development is for the case where only a single consumer in
the system is perturbed, but could easily be generalized. The time for the entire run is as follows:

Texpected =
W

Rtotal

, (9.2.1)

where W is the total number of bytes moving through the system, and Rtotal is the total rate, across
all consumers, at which data are processed. Refining this a little further, we arrive at:

W = Nb · Sb (9.2.2)

Rtotal =
(c − 1) · Rc + (1) · Rpert

c
(9.2.3)

where Nb is the number of blocks that the system will process, Sb is the size of each block, Rc is the
rate of each non-perturbed consumer, and Rpert is the rate of the perturbed consumer. There are c
consumers in the system. Thus, in the best case, we could hope for all blocks to be processed at the
average rate of all of the consumers.

Unfortunately, because of end effects, that is not the case. Because the perturbed consumer
is so much slower than normal consumers, its processing time at the end of the run can noticeably
affect overall performance. The extra time can be modeled as follows:

Textra = Tpert − Tnorm, (9.2.4)

where

Tpert =
p · Sb

Rpert

(9.2.5)

and

Tnorm =
p · Sb

Rc

. (9.2.6)

At the end of the run, each consumer will have p outstanding messages to process, one from each
producer, because there are p producers in the system, and each allows only one outstanding message
to each consumer. The normal unperturbed consumers will process them in Tnorm, and the perturbed
consumer in Tpert. The difference between the two (Textra) is what can cause a serious performance
problem.

Thus, the actual time for a run will be:

Toverall = Texpected + Textra. (9.2.7)
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Figure 9.14: DQ Producer Allocations Under Step-Up (Simulation). Simulated message counts
from each producer to each consumer is plotted in the graphs. Each graph plots the cumulative
number of messages sent from a particular producer to each of its two consumers over the life of the
experiment. From the figure, one can see that immediately after the perturbation (the vertical line in
the graph), consumer 1 (c=1) begins to receive far fewer messages over time from both producers 1
and 8 (and in fact, all producers). From the time of the perturbation (roughly 100 ms) to the end of the
experiment (1000 ms), the perturbed consumer only receives 7 messages from each producer, where-
ase other consumers receive roughly 35. Note that the factor of five difference is directly proportional
to the bandwidths of the consumers. In the experiment, there are 16 producers and 16 consumers,
each who normally operate at 5 MB/s. The perturbed consumer drops to 1 MB/s. Message blocks are
8 KB, and the network latency is set to 10 microseconds.

The ratio Toverall

Texpected
is plotted in the graphs in Figure 9.13 as the total number of block per producer is

increased.
Summarizing, end effects can be noticeable, especially when there is not much work overall

in the system; the problem worsens with scale, because each of p producers gives at least a single
piece of work to each consumer. If the total amount of work is small, Texpected will be small, and
thus the extra time Textra will become quite noticeable.

9.2.4 Time to Convergence

We close our experimentation with the distributed queue by examining the effect of a single
perturbation over time, with the goal of understanding how long it takes the system to react to a
perturbation. Figure 9.14 plots the number of messages sent to all consumers from the vantage point
of 2 of the 16 producers, plotted over time3.

The perturbation is a ‘step-up’, which reduces the bandwidth of the perturbed consumer
from 5 MB/s to 1 MB/s. The vertical line in each of the graphs indicates the exact point at which the
single consumer (consumer ‘1’) was perturbed. Each graph plots the cumulative message count from

3We only show 2 of the 16 because behavior across producers is nearly identical, and showing all 16 makes the graphs
difficult to read.
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a single producer to each of the consumers. In the graphs, one can detect the immediate response of
each producer to the perturbed consumer. While messages continue to be sent at the full rate to the
non-perturbed consumers, as shown by the broad set of points in a straight line up and to the right,
the perturbed consumer suddenly receives much less of the total message allocation. Note that the
bandwidth received by each consumer can be calculated from the slope of each line.

The reason that we achieve this desirable behavior is the design of the distributed queue
algorithm, which keeps exactly one outstanding message to each consumer. Perturbations are implic-
itly detected quite rapidly, as the perturbed node stops replying to messages at the same rate of the
other nodes, which in turn does not generate new message sends from the producer at the same rate.



Chapter 10

Experiments with Graduated
Declustering

This chapter presents an experimental study of graduated declustering. Recall that grad-
uated declustering is designed to cope with producer-side performance faults via replication; by
adjusting the bandwidth allocations from replicated producers to consumers, each consumer should
receive its fair share of aggregate producer bandwidth. Similar to our approach in the previous chap-
ter on the distributed queue, we begin our examination by studying the performance characteristics of
the algorithm in non-perturbed scenarios. We then investigate behavior of the graduated declustering
algorithm under a host of perturbation scenarios.

10.1 Absolute Performance

We begin our study of the performance properties of graduated declustering by first ex-
amining it under tightly controlled, non-perturbed scenarios. Our performance goals are straight-
forward: lightweight mechanisms with high performance when no performance faults are present in
the system.

As was the case with the distributed queue, we seek to configure the graduated declustering
algorithm properly for maximal performance. However, we do not explore the latency parameter,
because we have learned in the previous chapter that it is not relevant to system performance.

10.1.1 Scale

The first parameter that we vary is the scale of the system. Figure 10.1 plots the simulated
performance of graduated declustering under increasing scale, while varying the rates of producers
and consumers, as well as the number of outstanding messages allowed.

As one can see from the figure, the number of message credits needed does not scale with
the size of the system, as was the case with the distributed queue, because each consumer only
requests data from two sources, the original copy of the data and its replica. However, the number

86
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Figure 10.1: GD Absolute Performance: Scale (Simulation). The simulated performance of grad-
uated declustering is shown in the graphs. The number of producers/consumers is co-varied along
the x-axis; thus, at x=32, there are 32 producers and 32 consumers in the experiment. The y-axis
plots percent of ideal performance under increasing scale. Each graph alters the rate of production,
from 5 MB/s up to 15 MB/s, while the rate of consumption is held constant at 40 MB/s. Each set
of points in the figures plots the result of an experiment that varies the number of outstanding mes-
sages allowed per producer (f=x). For all simulations, the latency of the network is 10 microseconds,
there are 2 copies of each data set, and each consumer requests 5000 8 KB blocks. As one can see,
the graduated declustering algorithm scales well, and does not require an increase in flow control
proportional to scale.
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does increase with the number of replicas. Thus, with just a few outstanding messages, performance
is excellent, nearly 100% of ideal.

Results from the prototype implementation are shown in Figure 10.2. As we can see from
the figure, the prototype implementation performs quite well, matching our expectations from the
implementation.

Figure 10.3 shows that there were a few experimental runs, however, in which this was not
the case. In those cases, performance was fine for a period of time, but then suffered from dramatic,
system-wide two second pauses, which severely impacted overall performance. Investigation of this
symptom lead to the conclusion that some of the Myrinet switches were deadlocking, which halts
progress entirely until the switch detects the deadlock and recovers from it.

Fortunately, the AM library was altered to avoid this problem 1. However, the experience
is illustrative of a general point: that our system relies on the global characteristics of the network,
and if and only if the network is performing globally as expected will the system be able to tolerate
producer-side and consumer-side performance faults. Global performance faults in the network have
a global effect, and cannot be avoided by our mechanisms. However, note that localized performance
faults in the network, such as link contention, are naturally handled by our system.

We also investigate the basic resource costs of the graduated declustering implementation.
Figure 10.4 plots graduated declustering CPU utilization over time of both a producer and a consumer.
During this experiment, the average sustained throughput of graduated declustering is 17.5 MB/s.

From the figure, we observe that the total CPU utilization of the producer at 57.8% is much
greater than the consumer utilization at 28.2%, and a great deal of producer time is spent in the kernel.
Threads and context-switching are the reason for the high percent of time spent in kernel mode, as
the producer side employs three separate threads: one for the message request receipt and scheduling,
and one for each replica produced; in this case, there are two replicas. The consumer-side only uses
a single thread, and the resulting simplicity of implementation leads to a lower CPU cost.

We can also calculate the number of cycles per byte graduated declustering expends. For
the producer, the cycles/byte ratio is 5.78, and for the consumer, the ratio is 2.82. Compared to the
cost of the distributed queue, where roughly 3 cycles/byte are used by both the producer and con-
sumer, we can see that the producer-side graduated declustering implementation is relatively heavy-
weight, due to the use of excessive threading. Future work could address this deficiency, perhaps by
developing an event-based producer library.

We again break down the user-time component of CPU utilization further. Figures 10.5
and 10.6 present the producer-side and consumer-side CPU breakdowns, respectively. From the fig-
ures, we can see that once again, memory copy costs dominate the transfer, and the next largest
component is raw Active Messages calls. Both the graduated declustering library and memory man-
agement costs are noticeable however, each utilizing roughly 1/10th of user-time. Note that even the
user-level component of the graduated declustering library is more heavyweight than the distributed
queue library, largely due to its increased complexity, but also because the manner in which it was
constructed. Because the current graduated declustering implementation is built upon higher-level
messaging primitives, as described in the Chapter 4, a slight CPU cost is exacted, in the form of

1The library had to be changed so as not to fragment messages into smaller chunks. When fragmented, the switches
would observe fragment inter-arrival time, and sometimes erroneously assume that a delayed fragment implied a deadlock,
and therefore would go into deadlock recovery mode. When the implementors of AM installed a fix, by not fragmenting
messages, the switches no longer had reason to time-out.
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Figure 10.2: GD Absolute Performance: Scale (Prototype). The figure plots the performance
of graduated declustering under scale. In each graph, the number of producers and consumers is
co-varied along the x-axis, and the percent of ideal performance is plotted along the y-axis. Thus,
at x=16, there are 32 machines involved in the experiment. Across graphs, we vary the rate of
production of each producer, from 5 MB/s to 15 MB/s. In all figure, the number of outstanding
messages per producer is fixed at 16. As we can see from the figures, performance is excellent across
the range.
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Figure 10.3: GD Absolute Performance: Deadlock (Prototype). The figure plots the performance
of graduated declustering under scale, in cases where the switch deadlock would occur. In each
graph, the number of producers and consumers is co-varied along the x-axis, and the percent of
ideal performance is plotted along the y-axis. Thus, at x=16, there are 32 machines involved in the
experiment. Across graphs, we vary the rate of production of each producer, from 5 MB/s to 15 MB/s.
As we can see from the figures, the deadlock only occurs at scale and higher rates, but when it does
occur, system performance drops noticeably.
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Figure 10.4: GD CPU Utilization (Prototype). The figure plots CPU utilization during a run of
graduated declustering. On the left, the CPU utilization of the producer is shown, and the consumer
utilization on the right. Both graphs plot two lines: the bottom-most line is user CPU time, and the
upper-most line the sum of user and system time. Average utilization is shown in the key. Average
throughput for this particular experiment is 17.5 MB/s.

memory management overhead.

10.1.2 Block Request Size

We now explore I/O request size. Because graduated declustering naturally multiplexes
multiple logically-sequential data streams onto each disk, performance can be lost due to the disrup-
tion of each sequential stream. In our prototype, we attempt to control this loss by issuing larger block
requests, which amortizes the cost of seeks between each stream, and thus approaches sequential per-
formance. Previous and subsequent experiments will assume a large block size; we now investigate
the performance of concurrent sequential operations under a range of different request sizes.

Figure 10.7 shows the performance of simple sequential read benchmark on two different
disks. The leftmost graph depicts the performance of sequential reads on a 2 GB 5400-RPM Seagate
Hawk disk, and the rightmost graph the same experiments on a 4 GB 7200-RPM Seagate Barracuda.
Two sets of data points are plotted: the performance of a single sequential read request stream, and
the performance of two concurrent sequential request streams, each plotted versus the request size.

For the single read stream, peak bandwidth is attained at request sizes of roughly 8 KB for
the Hawk and 64 KB for the Barracuda. At those points, request sizes are large enough to amortize
the overhead of each request and attain near-peak sequential bandwidth from the disks. A simple
model that uses a fixed overhead plus transfer cost is plotted as a line of the graph, and matches the
data quite well.

For the two concurrent read streams, the effect of interference is shown. Even with reason-
ably large request sizes, performance is lessened. However, with 1 MB blocks, the cost of seeking
between the two streams reduces bandwidth by only 5%, which is acceptable.

Thus, graduated declustering should use large block requests to the disks in order to amor-
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Copy 3193 / 7155 (44.63%)
memcpy -- 3193 / 7155 (44.63%)

AM Routines 2083 / 7155 (29.11%)
Transfer -- 1830 / 7155 (25.58%)
SetAndWait/Poll/Other -- 253 / 7155 ( 3.54%)

GD Library 775 / 7155 (10.83%)
Transfer -- 334 / 7155 ( 4.67%)
Scheduling -- 94 / 7155 ( 1.31%)
Memory Management -- 87 / 7155 ( 1.22%)
Translation -- 81 / 7155 ( 1.13%)
Wait -- 80 / 7155 ( 1.12%)
Other -- 99 / 7155 ( 1.38%)

Memory Management 626 / 7155 ( 8.75%)
Malloc/New -- 325 / 7155 ( 4.54%)
Free/Delete -- 301 / 7155 ( 4.21%)

Locking 312 / 7155 ( 4.36%)

Unaccounted 166 / 7155 ( 2.32%)

Figure 10.5: GD Producer CPU Utilization (Prototype). The figure shows the user-time CPU
breakdown of where time is spent in the producer-side of graduated declustering. Most time is spent
in either the copy code or the raw AM routines (73.74% total). The GD library routines account
for roughly 10% of total user time. Memory management take almost 9%, because message data is
placed in a dynamically allocated buffer before handing it to the user. Finally, locking, which must
occur between threads for safe access to shared data structures, takes over 4% of user-time. Data is
gathered via PC sampling.
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Memory Copy 4892 / 9249 (52.89%)
memcpy -- 4892 / 9249 (52.89%)

AM Routines 2326 / 9249 (25.15%)
Transfer -- 511 / 9249 ( 5.52%)
SetAndWait/Poll/Other -- 1915 / 9249 (20.70%)

Memory Management 845 / 9249 ( 9.14%)
Malloc/New -- 337 / 9249 ( 3.64%)
Free/Delete -- 508 / 9249 ( 5.49%)

GD Library 809 / 9249 ( 8.75%)
Transfer -- 581 / 9249 ( 6.28%)
Translation -- 109 / 9249 ( 1.18%)
Wait -- 71 / 9249 ( 0.77%)
Other -- 80 / 9249 ( 0.86%)

Locking 181 / 9249 ( 1.96%)

Unaccounted 164 / 9249 ( 1.77%)

Figure 10.6: GD Consumer CPU Utilization (Prototype). The figure shows the user-time CPU
breakdown of where time is spent in the consumer-side of graduated declustering. The copy routine
takes almost 53% of the user CPU, and raw AM routines another 25% of user time. Memory man-
agement costs are noticeable at almost 10% of user-time, and the GD Library accounts for another
9% or so. Locking costs are small at 2%. Data is gathered via PC sampling.
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Figure 10.7: GD Effect of Block Request Size (Prototype). The graphs reveal the results of two
experiments run upon two disks. The leftmost graph presents results for a 2 GB 5400-RPM Seagate
Hawk disk, whereas the rightmost graph is for a 4 GB 7200-RPM Seagate Barracuda. The ‘Single
Reader’ data in each graph plots the achieved bandwidth versus the request size of a program that
reads a 100 MB file from the disk sequentially. The ‘Concurrent Reader’ data shows the performance
of the same benchmark, but this time with two copies running concurrently over different files. The
benchmark uses the directio() feature in Solaris to avoid the buffer cache and read data directly from
disk into user-space buffers. The models plotted for the ‘Single Reader’ lines use a simple fixed
overhead plus cost-per-byte model; for the Hawk disk, the model is not perfect, due to the fact that
the disk is on a fast-narrow SCSI chain, which limits peak bandwidth.
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tize the cost of multiple streams. If smaller block sizes are used, performance will suffer noticeably,
and a factor of two can be easily lost.

10.2 Performance Under Perturbation

We now turn to performance of graduated declustering in the presence of performance
faults. Because of the nature of the graduated declustering algorithm, its reaction to faults is much
more complex than that of the distributed queue. More specifically, to correct a performance fault to
a single producer, all other producers must compensate their bandwidth allocations in some manner,
even though producers do not directly communicate with one another. The rate of this information
propagation determines how quickly and effectively the graduated declustering algorithm adapts.

10.2.1 Perturbation Spectrum

The simulated perturbation spectrum of graduated declustering is shown in Figures 10.8
and 10.9. The first set of graphs vary the rate of each producer, and the second set vary the strength
of the perturbation. In all graphs, the ideal model developed in Chapter 2 is shown as a line for the
sake of comparison.

In each graph in the two figures, two sets of performance points are plotted. The upper set
of points is labeled ‘Best’, and the lower ‘Worst’. These two extremes represent different perturba-
tion layouts, and represent upper and lower bounds on performance under perturbation, respectively.
In the ‘Best’ case, the perturbations are spread out among the producers so that there is minimal
adjacency between them. In the ‘Worst’ case, when n perturbations occur, they occur on producers
1...n, which are all adjacent. Thus, in the best case, no performance faults will occur on a replica
until all primary data sets are perturbed, and in the worst case, in a system with N -way graduated
declustering, the first N performance faults will always affect the producers of a given data set.

As one can see in Figure 10.8, under the ‘Best’ allocation, graduated declustering performs
significantly better. In the ‘Worst’ allocation, performance drops significantly when just two of the
producers are perturbed, to significantly less than ideal. The number of replicas of each data set is
the important factor here. When two adjacent producers are perturbed, and there are only two copies
of each data set in the system, the consumer that is reading the perturbed data set will not be able to
obtain the requisite bandwidth from the producers. Note that the effects are particularly noticeable
because of the high utilization of the performance fault of 0.8 used in the experiment.

However, in the ‘Best’ allocation, no adjacent producers are perturbed until more than half
of producers are perturbed. Thus, we would expect a performance fall-off at 9 of 16 producers, which
is exactly what we see in the graphs.

In Figure 10.9, one can see the effect of lessening the producer-side perturbation. In these
figures, performance under the ‘Best’ and ‘Worst’ allocations does not differ nearly as widely as in
the previous figure, as would be expected.

We next investigate the performance of the prototype implementation. Figure 10.10 plots
the performance of the prototype under perturbation across three different system sizes, utilizing the
‘Best’ layout of perturbations. In all cases, performance is excellent, dropping off only when more
than half of the producers are perturbed. Though we do not run the full range of experiments that
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Figure 10.8: GD Perturbation Spectrum: Consumption Rate (Simulation). The simulated per-
formance of graduated declustering is plotted under perturbation. The number of producers that are
perturbed is varied along the x-axis, and the percent of peak performance is plotted on the y-axis.
Each graph varies the rate of production of each producer, while the rate of consumption is held
constant at 5 MB/s. Two sets of points are plotted on each graph: ‘Best’ represents the best possible
layout of perturbations across producers, and ‘Worst’ the worst. The line plotted is the model of
ideal performance as developed in Chapter 2. In the simulation, there are 16 producers and 16 con-
sumers, each data-set is replicated once, the latency of the network is 10 microseconds, the rate of a
perturbed producer is 1 MB/s, and 5000 8 KB blocks are requested by each consumer. Performance
of the ‘Worst’ allocation drops immediately under just two perturbations, as the consumer with its
data sets on those two producers is unduly affected. The ‘Best’ allocation performs much better,
sustaining nearly ideal performance until more than half the producers are perturbed.
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Figure 10.9: GD Perturbation Spectrum: Perturbation Rate (Simulation). The simulated perfor-
mance of graduated declustering is plotted under a variety of perturbations. The number of perturbed
producers again increases along the x-axis, while percent of ideal performance is plotted along the
y-axis. Each graph varies the strength of perturbation, from stronger on the top left (perturbed pro-
ducers produce at 1 MB/s) to weaker on the bottom right (3 MB/s). The rate of consumption and
of unperturbed producers is 5 MB/s. Performance under ‘Best’ and ‘Worst’ allocations are plotted,
as is an ideal performance line. In the simulation, there are 16 producers and 16 consumers, each
data-set is replicated once, the latency of the network is 10 microseconds, and 5000 8 KB blocks are
requested by each consumer. As one can see, smaller perturbations have smaller overall impact on
performance, and decrease the discrepancy between ‘Best’ and ‘Worst’ allocations.
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Figure 10.10: GD Perturbation Spectrum: Scale (Prototype). The performance of graduated
declustering prototype implementation is shown under a range of perturbation experiments. Within a
graph, the number of perturbations is increased along the x-axis, from 0 up to the size of the cluster
under study. The y-axis plots percent of ideal performance. Across graphs, the scale of the system
is varied, from 8 (8 producers and 8 consumers on 16 machines) up to 16 (32 machines). The rate
of unperturbed production is 5 MB/s, whereas the rate of a perturbed producer is 1 MB/s. The line
in the graphs is a model of ideal performance, as developed in Chapter 2. In all experiments, the
‘Best’ layout of perturbations is used. As one can see from the figures, performance of the prototype
is excellent, as simulations would predict.
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Figure 10.11: GD Probability That Faults Will Be Consecutive. The graph plots the probability
that any two faults will occur consecutively in systems of sizes 16, 32, and 64 machines. The number
of faults is increased along the x-axis. Thus, as more faults enter the system, the more likely it is that
two will occur next to each other. The data is generated by a simulation that places balls in bins and
checks the consecutive criteria. For each data point, 100,000 trials were generated.

we had in the simulations, all comparable results we have obtained to date match simulation results
quite closely.

We should note that in a real system, neither the ‘Best’ or ‘Worst’ layout of performance
faults is likely to occur, but rather something in between. The average case can be calculated by
assuming a random distribution of performance faults across machines, and determining how often
consecutive faults are likely to occur. For example, with 2-way graduated declustering, on a system
with N disks, if there are two faults, the probability that those two faults will not occur on consecutive
disks is 1 −

2
N−1 = n−3

n−1 , assuming N ≥ 4. Thus, the larger the system, the better the odds are
that the ‘Worst’ case will not occur. For three faults, the probability that any two will not occur on
consecutive disks is more complicated: (n−3

n−1 )((n−3
n−1 )(n−6

n−2 ) + ( 2
n−1)(n−5

n−2 )) , assuming N ≥ 6.
From this equation, one can see the difficulty of developing the general closed-form model

of average case behavior. However, we can employ a simulation to show the behavior in certain
cases of interest. Figure 10.11 plots the results, increasing the number of faults along the x-axis, and
plotting the probability that any two faults will occur on consecutive nodes on the y-axis.

From the graph, we can see that for a system of size 16, if 0 or 1 faults occur, there is
obviously a 0% chance that two faults will be consecutive. However, the probability quickly ramps
up and approaches 100% with just 6 faults in the system. For larger system sizes of 32 and 64, we
can see that the odds of avoiding consecutive faults improve; with 32 nodes, roughly 13 faults must
occur for a 100% certainty, and with 64 nodes, 22 faults must occur. However, if we look at the
half-way point, we see that with 3, 5, and 7 faults, on systems of size 16, 32, and 64, respectively, we
obtain a 50% chance of avoiding consecutive faults. Thus, every time our system size doubles, we
only improve our chances of avoiding consecutive faults by a linear amount.
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10.2.2 Scale Under Perturbation

Our next set of experiments explores perturbed performance under scale. Both the number
of producers and consumers in the system are varied, as well as the number of replicated data sets.
Figures 10.12 and 10.13 plot the performance of graduated declustering under increasing scale and
replication, with the first set of graphs presenting the best possible perturbation layout, and the second
set the worst.

As one can see from the figures, the number of replicas in the system plays an important
role in performance under perturbation. In a system with R copies of a data set, where R = 1 implies
that each data set is available at a single location, R perturbations can lead to worst case performance,
depending on the location of the perturbations. Thus, increasing R improves the tolerance of the
system.

The corollary to this is that in systems with more replicas, performance in the case with just
a few replicas is slightly lessened, due to the higher overhead of managing an increasing number of
data streams. Thus, though worst-case drop-offs are better avoided with more replicas, average-case
performance may be worse.

The other costs of increasing the number of replicas are more global in nature. First, when
does one create the replicas? If this replicas are created on every write to the system, all write
bandwidth is reduced by a factor of R, where R is the number of replicas. Thus, an off-line strategy
may be preferred, where oft-read data sets are replicated, and other temporary data sets are left un-
copied.

Second, the storage cost of replicas must be taken into account. If all data sets are repli-
cated, storage space is reduced by a factor of R. The same solution as proposed above must also take
this factor into account.

In summary, replication is costly if performed naively. Therefore, an off-line strategy is
suggested, though not explored here. However, just a single replica can potentially help to tolerate a
large number of performance faults – up to n/2, where n is the size of the cluster. In extremely large
clusters, where perturbations are more likely to be the common case, a single replica of heavily-used
data sets may not be enough to tolerate common-case performance faults, as two consecutive faults
will drastically reduce performance, and therefore extra replicas are recommended.

In the future, utilizing partial replicas could provide a lower-cost alternative, analogous
to the use of partial redundancy in the AFRAID system [106]. In such a system, one could take
advantage of partial collection replication, by reading what one could from the partial replica, in
order to avoid some performance faults; however, this would limit the flexibility of the consumer in
that only some data could be obtained from both producers, and would also increase the complexity
of the implementation.

10.2.3 Total Work

As with the distributed queue, we now explore the total amount of work needed in order
to tolerate a single perturbation. Without enough excess parallelism, perturbations are quite difficult
to tolerate. Figure 10.14 plots the simulated performance of graduated declustering under a single
producer-side perturbation, while varying the total amount of data read.

Similar to the distributed queue, the performance of graduated declustering under perturba-
tion decreases when the total amount of data that passes through the construct decreases to too small
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Figure 10.12: GD Perturbations under Varying Scale: Best Layout (Simulation). The simulated
performance of graduated declustering is shown under the best possible perturbation layout. The x-
axis of each graph increases the number of perturbations in the system, whereas the y-axis plots the
percent of ideal performance. Each set of points plots a different number of data sets; ‘R=1’ implies
there is no replication present, ‘R=2’ implies there is a single replica, and so forth. Each graph
varies the scale of the system under perturbation. Unperturbed producers and consumers produce at
5 MB/s, whereas perturbed producers produce at 1 MB/s. The network latency is 10 microseconds,
and each consumer requests 5000 8 KB blocks. Without any replication, performance suffers under
just a single perturbation. With one or more replicas, performance is much better. Note that with
more replicas, performance is worse in the case of fewer perturbations.
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Figure 10.13: GD Perturbations under Varying Scale: Worst Layout (Simulation). The sim-
ulated performance of graduated declustering is shown, with the worst possible allocation of per-
turbations (all consecutive). The x-axis of each graph increases the number of perturbations in the
system, whereas the y-axis plots the percent of ideal performance. Each set of points plots a different
number of data sets; ‘R=1’ implies there is no replication present, ‘R=2’ implies there is a single
replica, and so forth. Each graph varies the scale of the system under perturbation. Unperturbed
producers and consumers produce at 5 MB/s, whereas perturbed producers produce at 1 MB/s. The
network latency is 10 microseconds, and each consumer requests 5000 8 KB blocks.
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Figure 10.14: GD The Need for Parallelism (Simulation). Simulated performance as a percent
of ideal of graduated declustering is plotted while varying the total amount of data read along the
x-axis. Each graph varies the rate of the perturbed producer, from 1 MB/s to 3 MB/s; all other
producers and consumers run at 5 MB/s. The number of outstanding messages is set to 16, and the
network latency is set to 10 microseconds. The more severe the perturbation, the more total work is
needed to approach ideal performance.
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of a level, and is worse when the perturbation is more severe, as seen in the case when the rate is set
to 1 MB/s.

This end-effect can be modeled, as we now demonstrate. The ideal expected time, Texpected,
can be derived by dividing the total work by the average rate of production:

Texpected =
W

Rtotal

, (10.2.1)

where W is the total number of bytes moving through the system, and Rtotal is the total rate, across
all producers, at which data are produced. Refining this, we arrive at:

W = Nb · Sb, (10.2.2)

Rtotal =
(p − 1) · Rp + (1) · Rpert

p
, (10.2.3)

where Nb is the number of blocks that the system will process, Sb is the size of each block, Rp is
the rate of each non-perturbed producer, and Rpert is the rate of the perturbed producer. Thus, in the
best case, we could hope for all blocks to be processed at the average rate of all of the producers.

However, each producer will have flowtotal = flowsingle · M outstanding requests to
process at the end of the run, where flowsingle is the number of outstanding messages each consumer
is allowed to each of the producers, and M is the level of replication of the data sources; in this
example, M = = 2. Thus, at the end of the run, the entire system will be waiting for the slow
producer to finish. This extra time can be modeled as follows:

Textra =
flowtotal · Sb

Rpert

−
flowtotal · Sb

Rp

(10.2.4)

Thus, the overall time to complete a run is:

Toverall = Texpected + Textra, (10.2.5)

and the ratio, as plotted in the figures, is:

Ratio =
Texpected

Texpected + Textra

. (10.2.6)

These models match the numbers from the simulation quite well, as one can see in Fig-
ure 10.14.

10.2.4 Importance of Scheduling

We next demonstrate the importance of producer-side scheduling to graduated declustering.
Figure 10.15 shows the performance of different producer data-set scheduling algorithms under a
perturbation to a single producer. The figure plots the average bandwidth received by each of the
consumers over time.

Three different scheduling disciplines are shown. The first, ’Fair-Share’, picks a random
consumer request to service, and is similar to a randomized proportional-share scheduler [125]. This
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Figure 10.15: GD The Importance of Scheduling (Simulation). The graphs plots simulated
consumer bandwidth received over time under three different scheduling algorithms, under a single
perturbation. ’Fair-Share’ picks a random consumer to service, and performs poorly, as two of the
consumers receive much less than an equal share of the bandwidth. ’Immediate’ performs the basic
graduated declustering algorithm, but will schedule requests from the less-favored request queue if
the other queue is empty. ’Work-Conserving’ is the graduated declustering algorithm as described
in the previous chapters. Only the ‘Work-Conserving’ algorithm, which takes into account the global
progress of consumers and will not schedule requests from consumers that are ahead, is able to
balance the bandwidths across consumers successfully. For all experiments, there are 16 producers,
16 consumers, 2 data sets per consumer, and a 10 microsecond network latency. Each producer
produces at 5 MB/s unperturbed, whereas the single perturbed producer produces at 1 MB/s. All
consumers consume at 5 MB/s.
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option serves as a straw-man for comparison. Not surprisingly, its performance is poor, as each
producer’s bandwidth is fairly shared among its two consumers. Thus, under a single producer per-
turbation, two consumers are ill-affected and perform poorly, whereas other consumers receive peak
bandwidth.

The next two algorithms are quite similar. The first, ’Immediate’, employs the basic grad-
uated declustering algorithm, but with a slight modification. Assume that there are only two request
queues, ‘0’ and ‘1’, with requests from consumers ‘0’ and ‘1’, respectively. When it comes time to
schedule a block for service, and both queues have some number of requests within them, the ’Im-
mediate’ algorithm will select the request to schedule based on its global notion of progress, such
that whomever is behind receives service, in the exact same manner as the graduated declustering
algorithm. However, let us assume consumer ‘0’ is lagging, but currently has no requests pending in
the request queue. In this scenario, the ’Immediate’ algorithm will go ahead and schedule requests
from the other consumer, consumer ‘1’. From the graph, we see that the ’Immediate’ algorithm does
not achieve the desired result of balancing the bandwidths effectively across consumers.

The next and final algorithm, ’Work-Conserving’, differs in only one way – it will not
schedule any requests from a request queue that is perceived to be ahead of the other request queues.
Thus, if the producer thinks that consumer ‘0’ is lagging consumer ‘1’, and ‘1’ has requests in its
request queues, but ‘0’ doesn’t, the scheduler will simply wait for requests from ‘0’ to arrive, rather
than schedule any from ‘1’. This type of scheduler is known as a work conserving scheduler. In other
words, even though there is work present, the scheduler will not perform it immediately, because it
has a particular global goal in mind. The graph shows the results are as desired, balancing bandwidths
effectively across all consumers.

10.2.5 Time to Convergence

We close our experimentation with graduated declustering by examining the effect of a
single perturbation over time, in an attempt to understand how long it takes the system to react to a
single perturbation. Figure 10.16 plots the cumulative number of messages sent over time from each
producer to each of its two consumers; a perturbation is inserted into the system at t = 4 seconds on
the first producer (D = 1 in the diagram).

The effects of a single perturbation to graduated declustering are more complex than a
perturbation to the distributed queue. At the producer where the perturbation occurred (producer ‘1’),
the reaction is immediate; however, all of the other producers must react as well, and this takes some
time to propagate out to them, as they have no direct communication channel with other producers.

Observe producer ‘8’ in the figure, which is the furthest away from producer ‘1’ in the
circular chain. The bandwidth allocation from it remains unmodified until roughly half of a second
after the perturbation. Thus, if a perturbation occurs for less than half of a second at this scale,
the consumer bandwidths will not be properly balanced. If many such short-lived perturbations
occur across the system, the algorithm will fail to yield the desired result; we leave coping with this
potential problem to future work.
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Figure 10.16: GD Producer Allocations Under Step-Up (Simulation). Simulated message counts
from each producer to each consumer is plotted in the graphs. Each graph plots the cumulative
number of messages sent from a particular producer to each of its two consumers over the life of the
experiment. The vertical line in the graph indicates the time at which the perturbation occurs; the
perturbation takes place on producer 1, labeled D=1. Best-fit lines are plotted as well; the slopes
of the lines are proportional to the bandwidth received by the consumers, and the value (in MB/s) is
shown in parentheses in the key. The total number of messages received by a particular consumer can
be calculated by viewing two adjacent graphs; for example, by examing the first two graphs (D=1
and D=2), we see that consumer 2 (C=2) receives most of its blocks from producer 2 (getting a much
larger share of the source than consumer 3 does), and roughly splits the blocks from producer 1 with
consumer 1.



Chapter 11

Experiments: Summary and
Discussion

We close our experimental chapters with a summary and discussion of what we have
learned. First, we concentrate on general methodological lessons, and then move on to specific
systems-building advice.

11.1 Methodology

At the methodological level, we have seen the value of studying both simulations and a
prototype implementation, which was also noted in [8]. The highly-controlled simulator let us focus
purely on algorithmic issues, while avoiding some of the vagaries often found in real implementa-
tions. Then, when moving to the real implementation, results could be compared against expected
simulation results; when there was a mismatch, we knew it was not from an algorithmic property, but
rather had to do with an aspect of the system not performing as expected. For example, the fairness
or deadlock properties of the Myrinet switches, or the flow control of the message layer, both would
have been difficult to discover had we not known that our algorithms should be performing well. Be-
fore we had developed the simulator, performance problems in the implementation were much more
difficult to track down, and the range of experiments we performed were much less broad in nature.

Also of value was the comparison of all experimental to results to that of the ideal system.
Instead of comparing performance to that of another, lesser-performing algorithm, all results can be
seen versus their true potential, due to the model of ideal performance we developed in Chapter 2.
We believe that this style of comparison should be employed wherever possible.

11.2 Distributed Queue

The experiments reveal that the basic distributed queue algorithm is quite scalable and
achieves the desired behavior, avoiding consumer-side performance faults gracefully. Critical to
achieving this behavior is the number of outstanding messages that are allowed. If the distributed
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queue is allowed too few outstanding messages, overall performance will suffer, because the produc-
ers will not be able to keep the consumers busy. Further, under perturbation, it is critical to allow
each producer at least one outstanding message per consumer. Without one credit per consumer, the
producer will not be able to track and avoid all slow nodes.

One major simplification we have made is that the processing time per message block at the
consumer is fixed. This simplification allows us to have a fairly simple algorithm for detecting slow
nodes. In a more dynamic environment, more sophisticated algorithms may be required to gauge the
rate of progress of remote nodes.

We have also seen that the distributed queue algorithm assumes a fair network; without
fairness in the network, some producers may be able to deliver their workloads sooner than other
producers, and thus all entities will not finish at the same time. In the future, a more sophisticated
algorithm that tracks producer progress and schedules consumption based on that metric would be
interesting to explore.

Finally, we have also seen that the distributed queue algorithm requires a reasonable amount
of parallelism to tolerate faults; with too little work to do, perturbed consumers will become the
bottleneck. An interesting solution would be to employ an adaptive algorithm that first began with
smaller-sized messages, and then slowly ramped up to the larger size over time. By beginning with
small-sized messages, the amount of parallelism is increased, perhaps at the cost of higher CPU
overheads; then, over time, the system could adjust for long runs by increasing the message size, thus
regaining the efficiency of large blocks for long runs. Currently, we believe that the extra complexity
required to implement this solution does not merit the implementation effort, because many of the
applications that we are familiar with have large data sets with much excess parallelism, as we will
see in Chapter 12. Thus, we leave this adaptive ramp-up for future work.

11.3 Graduated Declustering

The basic graduated declustering algorithm also works quite well, yielding high absolute
performance under scale, as well as good performance under perturbation. The major difference from
the distributed queue is that while the distributed queue can tolerate faults to any of the consumers,
graduated declustering is more sensitive to producer-fault placement, due to the nature of how it
moves data from producers to consumers.

Critical to the performance of graduated declustering is the ability of the producers to track
consumer-side progress. By monitoring the progress of each remote consumer that it services, a
producer is able to bias its scheduling so as to lead the consumers to progress at the same rate.
Our current algorithm piggy-backs this information onto requests for data, which has the advantage
of not adding any extra messages into the basic protocol. In the future, investigating methods for
propagating this information separately from the data flow could be interesting.

Clearly, one important aspect of graduated declustering is the extra capacity and bandwidth
costs it places on the system. Because each producer-side data set must be replicated one or more
times, the question of when to replicate arises. Though not addressed in this document, a simple
cost/benefit analysis could be applied to determine when a particular data set should be replicated.

From our experiments with producer-side scheduling, we saw the importance of work con-
servation. A subtle change in the scheduling algorithm of graduated declustering led to much poorer
performance characteristics under perturbation.
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We also have seen how the performance-fault layout plays a strong factor in determining
graduated declustering performance. Though there is currently no solution to this limitation, it does
give system designers extra information on how to fold new and faster hardware into a system. For ex-
ample, if a system with 100 slow disks is embellished with 100 new, faster disks, the disks from each
group should be logically interleaved, instead of having each group of disks arranged contiguously.
Physical separation is both likely and acceptable; we simply recommend altering logical addresses.

Finally, from the scenario where network deadlock occurred, we see the reliance of gradu-
ated declustering on the performance of the network. In fact, both the distributed queue and graduated
declustering algorithms are built to tolerate perturbations to local elements, such as slow producers,
slow consumers, or even slow network links. However, if some global element, such as all the net-
work switches, do not perform as expected, all producers and consumers will be ill-affected. In this
case, there is nothing one can do in software to avoid the problem. Even replication in hardware
would not have solved this problem; had the traffic been switched over to another Myrinet network,
the same deadlock would occur. Perhaps a heterogeneous backup network would have achieved the
desired effect, because a network made by a different company would be unlikely to have the same
exact performance problem. Thus, when engineering a system for performance availability, it is criti-
cal to ensure that such global elements perform as expected and can handle the demands placed upon
them.



Chapter 12

Putting It All Together

In the previous chapters, we have established the baseline efficiency of our two performance-
available data-transfer primitives, graduated declustering and the distributed queue. In this chapter,
we apply those mechanisms to transform fragile, non-robust database query-processing primitives
into programs that can tolerate disk performance faults. To verify the utility of our transformations,
all results within this chapter are from the real prototype system and are not simulations. We focus on
disk performance faults because they are the main cause of performance variations in I/O-intensive
environments; constructing programs that are robust to all types of performance faults would require
quite a bit more effort, and thus we leave this to future work.

We concentrate on query-processing operators, such as scans, selections, joins, and sorts,
as these primitives are particularly important in large-scale data-warehousing and decision-support
environments. Though we are restricting ourselves to a specific domain, we believe that the diversity
and importance of these database programs amply justifies our decision.

The main challenge for us in this chapter lies in understanding how to apply our robust
data-transfer primitives. Although we have shown that the mechanisms are effective in achieving
their pre-specified goals, we have yet to show that they are effective real programs.

12.1 Scan

We begin our examination by considering the most basic possible program with parallel
I/O requirements: a parallel scan of a large data set. A scan reads through a data set in its entirety,
performs no computation on the data, and does not have a write component. Scans often comprise a
significant portion of many out-of-core applications, including data mining and scientific workloads.
In this chapter, most of our query-processing operators will consist of a scan phase.

The data-flow for the non-robust scan is depicted in Figure 12.1. From the diagram, one
can see the simplicity of the scan program. Data is read from disk in parallel by a set of disk modules,
labeled DR in the figure. Then data is passed onto the main scan module, labeled S. All of the data
movement is embarrassingly parallel, as there is no communication across components on separate
machines.

Making the scan robust to disk performance faults is straight-forward, as Figure 12.2 shows.
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Figure 12.1: Scan Data Flow. The basic data flow of the scan application is presented. Data is
read from disk by a set of disk-read modules, labeled DR, and passed to the scan modules, labeled
S. Each disk-read module passes its data on to the scan application, which discards the data. Note
that application is embarrassingly parallel, as there is no communication across components.
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Figure 12.2: Disk-Robust Scan Data Flow. The disk-robust scan is presented. Robustness to faults
at the disks is achieved via use of graduated declustering, which is inserted between the applications
and the disks.
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Figure 12.3: Scan Perturbation Spectrum. The figure presents the behavior of the scan application
under perturbations. The experiment is run on 16 machines, and is a scan of 2.4 GB of data, 150 MB
per machine. The number of perturbations is increased along the x-axis, from 0 to the full cluster
size of 16, where a perturbation is a stream that consumes half of the peak disk bandwidth. The
percent of peak performance is the figure of merit, and plotted along the y-axis. The results of five
separate trials are presented, shown as points in the diagram, and are compared against two lines.
The first, labeled ‘Ideal’, is how the ideal system’s performance would degrade. The second, labeled
‘Non-robust’, shows how a static system without graduated declustering would perform. As one can
see, results are quite consistent across five trials, and in all cases perform quite closely to ideal. A
best-fit line is plotted through the points. The most difficult perturbation to react to is the case of just
a single perturbation, as the information must propagate to all nodes from just the single source.

Because we are only concerned with reading from disk, we employ graduated declustering and trans-
parently make the scan robust. No distributed queue is necessary.

We now demonstrate the performance of the non-robust and robust scans under disk per-
formance faults. Figure 12.3 plots the performance of our robust scan under an increasing number of
disk performance faults. The utilization of this fault, and all subsequent faults in this chapter, is 0.5;
thus, a disk performance fault will utilize half of available disk bandwidth. Furthermore, the duration
of the fault is length of the entire run.

The perturbation experiment is performed on a scan of 2.4 GB of data on 16 machines, or
150 MB of data scanned per node. A perturbation is a competing read stream on a disk that consumes
half of available bandwidth, and the number of perturbations is increased along the x-axis. Results
from five separate trials are plotted for each point on the x-axis. Two lines are plotted for compar-
ison: the first, labeled ‘Ideal’, shows the performance of an ideal system under perturbation, and
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Figure 12.4: Generate Data Flow. The basic data flow of the generate application is presented.
Each generate module, labeled G in the diagram, generates a fixed number of records, and passes
them on to the disk-write modules, labeled DW in the diagram. The disk-write modules write the
data to disk, first buffering the data into reasonably-sized chunks for the sake of efficiency.

the second, labeled ‘Non-robust’, shows predicted performance of a standard scan without graduated
declustering.

From the diagram, one can observe that performance of the robust scan is quite good, quite
near to ideal in all cases, and consistent across all five trials. The most difficult case for the system
is under one perturbation; because the data set is relatively small, graduated declustering does not
have enough time to react to the single perturbation, and thus does not balance bandwidths quickly
enough; the result is that overall performance is slightly lower than expected. Scans of larger data
sets would not suffer from this problem.

12.2 Generate

We continue our examination with the write-analogue of a parallel scan: a parallel genera-
tion of a data set. The parallel generate creates records and writes them to disk, with no regard as to
ordering between records. As with the scan, this is not an entire operator in and of itself; rather, it is
more likely to form a phase of a larger program. Therefore, we seek to understand its performance
properties before moving on to more complex programs.

Figure 12.4 shows the non-robust data-flow for generate. Data is generated by a set of
generate modules, and then passed on to disk via disk-write modules. No communication is necessary
between modules on different machines.

Figure 12.5 presents the disk-robust version of generate. By placing a distributed queue
between the generate module and the disks, robustness to disk performance faults is achieved. Use
of graduated declustering is not required, as we are not reading from disk.

The results of a perturbation experiment are presented in Figure 12.6. In this study, generate
is run upon 16 machines, creating a total of 2.4 GB of data, or 150 MB per machine. Perturbation
are induced on some of the disks, from 0, the base case, all the way up to 16, the full cluster size.
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Figure 12.5: Disk-Robust Generate Data Flow. The disk-robust generate is presented. Adding
robustness to disk performance faults is straight-forward, and is accomplished by inserting a dis-
tributed queue between the generation of records and the disks.

A perturbation is a competing write stream to disk, which utilizes roughly half of available disk
bandwidth.

As one can see from the graph, performance is overall quite good overall, nearly ideal under
all perturbation scenarios. The robust generate performs worse than the non-robust version in exactly
two cases: when there are no perturbations in the system, and when the entire system is perturbed.
In all other situations, the robust generate delivers full bandwidth utilization, whereas the non-robust
program would run at the rate of the slow disk(s).

12.3 Filter

From the scan and generate, we have learned that the basic primitives work well when
applied in isolation. We now progress to a query-processing operator that is a composition of both
scan and generate, a parallel filter, also known as a relational select operator. The filter applies a
user-specified function to every record that is read, and, depending on the output of the function,
decides whether to discard the record or to pass it on in the data stream. In this example, we output
the selected records to disk, as might be done when writing to a scratch file. Thus, during the run,
reads and writes occur concurrently on the disks. Note that the filter degenerates in two special cases:
when the user-specified function does not discard a single record from the input data-set, the filter
becomes a data-set copy, and when all records are discarded, the filter is a scan of the data-set.

Figure 12.7 presents the standard data flow of filter. Data is read from disk by disk-read
modules, labeled DR in the diagram. Each of these modules pass data onto the filter module (F ),
which selects records from the data stream based on a user-specified function. From the filter mod-
ules, data flows into the disk-write modules, labeled DW , and onto disk.

The disk-robust filter is presented in Figure 12.8. Again, we employ graduated declustering
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Figure 12.6: Generate Perturbation Spectrum. The figure presents the behavior of the generate
application under perturbations. Overall, performance is quite good, nearly ideal in all cases. The
experiment is run on 16 machines, and generates 2.4 GB of data, 150 MB per machine. The number of
perturbations is increased along the x-axis, from 0 to the full cluster size of 16, where a perturbation
is a stream that consumes half of the peak disk bandwidth. The percent of peak performance is the
figure of merit, and plotted along the y-axis. The results of five separate trials are presented, shown
as points in the diagram, and are compared against two lines. The first, labeled ‘Ideal’, is how the
ideal system’s performance would degrade. The second, labeled ‘Non-robust’, shows how a static
system without graduated declustering would perform. A best-fit line is plotted through the points.
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Figure 12.7: Filter Data Flow. The basic filter data flow is presented. Data is read from disk in
parallel by a set of disk-read modules (DR), each of which passes its data to a filter module, labeled
F in the figure. The filter module filters the data stream based on a user-specified function, and
passes the selected data on to the disk-write module (DW ) for writing to disk. As was the case with
the scan, this application is embarrassingly parallel.
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Figure 12.8: Disk-Robust Filter Data Flow. The filter application is made robust to disk faults.
On the read-side of the figure, graduated declustering is inserted to handle read-performance faults.
One the write-side, a distributed queue is placed between the application and the disks, thus moving
data around disk faults. The basic internal structure of the application remains unchanged.
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Figure 12.9: Filter Perturbation Spectrum. The figure presents the behavior of the select under
perturbations. Performance is quite good, and approches ideal under a large number of perturba-
tions. The experiment is run on 16 machines, and the select is run over a 2.4 GB data set (150 MB
per machine); almost all data matches the filter (over 90%), and is output to disk. The number of
perturbations is increased along the x-axis, from 0 to the full cluster size of 16, where a perturbation
is an output stream that consumes half of the peak disk bandwidth. The percent of peak performance
is the figure of merit, and plotted along the y-axis. The results of five separate trials are presented,
shown as points in the diagram, and are compared against two lines. The first, labeled ‘Ideal’, is
how the ideal system’s performance would degrade. The second, labeled ‘Non-robust’, shows how
a static system without graduated declustering would perform. A best-fit line is plotted through the
data points.

on the read-side of the flow to ensure we can tolerate read-side disk performance faults. However,
due to the addition of the write phase, we must also tolerate disk performance-faults during writes.
Therefore, we place a distributed queue between the filter program and the disks. Because selec-
tion places no ordering requirements between the records of the input data set, the addition of the
distributed queue does not disrupt the output format of the filter.

Figure 12.9 presents the performance of filter under the usual perturbation experiments.
Once again, the selection is run upon 16 machines, each with a single disk, and we perturb 0 to 16
disks. Performance is compared against ideal performance, which utilizes all available bandwidth,
and non-robust performance, which always runs at the rate of the slow machine.

Overall, performance is quite good, and near to ideal. Because the filter naturally combines
concurrent reads and writes, performance as compared to ideal can approach one hundred percent,
and does, when there are a high number perturbations in the system. At zero or a few perturbations,
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Figure 12.10: Hash-Join Data Flow. The hash-join data flow is presented. Two phases take place to
complete the flow. In the first, the building relation is read from disk via disk-read modules (DR), and
partitioned across the join modules (J) via a set of hash-partitioners (H). This is normally called the
“build” phase of a hash-join. In the second phase, known as the “probe” phase, the probing relation
is read from disk, partitioned via the same hash function across join modules, and then joined to the
building relation. Records that match are passed on to the disk-write modules (DW ) for output to
disk.

the filter does not reach ideal, indicating some slight overhead in the system.

12.4 Join

Our next database primitive that we construct is a hash join. In general, a join of two
relations outputs tuples that match on a certain key field in tuples from the two relations. The match
that we are interested in is determined by equality, where the key value in one record is equal to the
key value in the other record, and the join is thus known as an equi-join. Both one-pass and two-
pass hash-join variants exist [113, 72]. In this section, we focus on the one-pass algorithm, which is
suitable for use when the smaller collection fits into the aggregate cluster memory; the other can be
arbitrarily large.

Figure 12.10 shows the flow of data. In the first phase, the smaller collection, often referred
to as the building collection, because a hash table will be built over it, is read from disk, partitioned
using a hash function across nodes, and internally hashed inside each join module (J) to prepare for
the join phase. In the second phase, the larger probing collection is read from disk, and partitioned
across nodes via the same hash function. As records pass into the join module, matching records
from the building collection are found, and those records are output to disk. Thus, during this phase,
both the read of the probing collection and write of the output will operate concurrently.

Figure 12.11 depicts the disk-robust version of the hash-join. For robustness to reads,
we once again insert graduated declustering, facilitating performance-available read streams without
modification to the program data-flow. The use of the distributed queue, between the join modules
and the disks, is straight-forward, as the program does not need to preserve any ordering between
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Figure 12.11: Disk-Robust Hash-Join Data Flow. The disk-robust hash-join is shown in the di-
agram. Graduated declustering is again employed transparently to take the join from non-robust
to read-robust, and a standard distributed queue is utilized to facilitate robustness to faults during
the write phase of the application. Because the join specifies no ordering constraints on its output,
straight-forward application of the distributed queue is made possible.

records in the output stream.
Figure 12.12 depicts the performance of the join under perturbations. We employ the usual

configuration of 16 machines, perturbing 0 to 16 of them. Perturbations consume half of disk band-
width.

From the figure, we can see that performance of the robust join is excellent, behaving quite
consistently under perturbation. Surprisingly, the transformation of a more sophisticated database
primitive such as the hash-join is no more difficult than transforming the select application, because
we, as the application writer, have a good understanding of the data-ordering requirements of the
join.

12.5 Sort

Next we present a challenging operator, external sorting. In general, sort is a good bench-
mark for clustered systems because its performance is largely determined by disk, memory, and in-
terconnect bandwidth. In this section, we only consider a one-pass sort; a two-pass sort often consists
of multiple runs of a one-pass sort, and therefore also benefits from the development below. Also,
following the precedent set by other researchers, we measure the performance of the sort only on key
values with uniform distributions. This assumption has implications for our method of distributing
keys into local buckets and across processing nodes. With a non-uniform distribution, we would need
to modify our implementation to perform a sampling phase before the sort described below [19, 45];
this sampling phase could also be made robust.

Figure 12.13 presents the flow of data in the standard version of external sort, which is
quite similar to the flow of NOW-Sort [9]. First, data begins as an unsorted parallel collection on a
number of disks. Data is read in on each disk node via the disk read module (DR), and then passed
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Figure 12.12: Hash-Join Perturbation Spectrum. The figure presents the behavior of the hash-join
under perturbations. Performance is excellent under perturbation, even for this mildly sophisticated
primitive. The experiment is run on 16 machines, and the program is run over a 2.4 GB data set,
or 150 MB per machine. The number of perturbations is increased along the x-axis, from 0 to the
full cluster size of 16, where a perturbation is an output stream that consumes half of the peak disk
bandwidth. The percent of peak performance is the figure of merit, and plotted along the y-axis.
The results of five separate trials are presented, shown as points in the diagram, and are compared
against two lines. The first, labeled ‘Ideal’, is how the ideal system’s performance would degrade.
The second, labeled ‘Non-robust’, shows how a static system without would perform. A best-fit line
is plotted through the data points.
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Figure 12.13: Sort Data Flow. The basic sort data flow is presented. Data is read from disk in
parallel by a set of disk-read modules (DR), and then passed on to a set of range partitioners (R).
These partitioners segment the data set across sort modules (S) by key value; for example, with four
sort modules present, the top-fourth of the keys would be sent to sorter 0, the next fourth to sorter
1, and so forth. After the sort modules have received a large chunk of data (perhaps enough to fill
memory), they each independently sort the data, and pass it to the disk-write module (DW ) for output
to disk. In a multi-pass sort, this phase would repeat until all the data has been sorted into many
sorted runs.

to a range-partitioning module (R). The partitioning modules perform a key-range partitioning of the
data; thus, each partitioning module reads the top few bits of each record to determine which sorter
module (S) should be sent a particular record. When a sorter module has received all of its input, it
sorts the data, and begins streaming it to the disk write module (DW ), which proceeds to write the
data out to disk as a stream, thus preserving its order. This read-sort-write phase repeats until all of
the data has been transformed into a series of sorted runs.

To enhance the sort with disk-robustness, we must utilize both graduated declustering and
a distributed queue, as shown in Figure 12.14. As is the case with previous operators, we employ
graduated declustering at the disk read to provide a performance-robust parallel data stream to the
program.

The addition of the distributed queue is more complex. From the figure, one can observe
that the queue is placed between the sort modules and the disk-write modules. If the sort modules
passed sorted records to the distributed queue as in the other programs, the sort would not perform
as expected, because the distributed queue algorithm would spread the records randomly across the
disks, undoing all of the work of the sort! Further, the distributed queue can not be placed before the
sort modules, because the key-range partitioning that occurs there is crucial to the semantics of the
sort; removing the key-range partitioning would change the correctness of the sort as specified. Thus,
we have placed the distributed queue in the only position possible.

For this placement to work, a slight modification must be made to the distributed queue.
Instead of handing records one at a time to the distributed queue, the sort module passes large sorted
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Figure 12.14: Disk-Robust Sort Data Flow. To facilitate robustness to disk performance faults in
the sort, we again employ both graduated declustering and a distributed queue. Graduated declus-
tering is utilized as before, and transparently transforms the sort into a read-robust sort. The use of
the distributed queue, however, is more complex. After the data has been sorted, the sorters can not
place their data in the distributed queue in the standard way; if they did, the data would get randomly
scattered across the disks, essentially undoing all of the work that the sorting has just performed. In-
stead, a slightly different distributed queue is utilized. Each sorter, instead of handing a few records
to the distributed queue, instead hands the distributed queue an entire sorted run at a time. Thus, the
load-balancing occurs at a much coarser granularity, while preserving the semantics of the sort.
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Figure 12.15: Sort Perturbation Spectrum. The figure presents the behavior of the sort under
perturbations. Of all programs, the performance of the sort is least stable, due to the coarse-grained
load balancing that occurs in the write phase. The experiment is run on 16 machines, and the program
is run over a 1.2 GB data set (75 MB per machine). The number of perturbations is increased along
the x-axis, from 0 to the full cluster size of 16, where a perturbation is an output stream that consumes
half of the peak disk bandwidth. The percent of peak performance is the figure of merit, and plotted
along the y-axis. The results of five separate trials are presented, shown as points in the diagram,
and are compared against two lines. The first, labeled ‘Ideal’, is how the ideal system’s performance
would degrade. The second, labeled ‘Non-robust’, shows how a static system without would perform.
A best-fit line is plotted through the data points.

chunks of data to the distributed queue 1. The distributed queue then adapts to the rate of the disks at
this much coarser granularity. For example, if each sort module received 100 MB of data to sort, it
might divide this into 10 10- MB chunks.

Note that this slightly changes the form of the output of the one-pass sort; instead of an
n-node sort that generates n sorted runs, we now have an n-node sort that produces n · k runs, where
k is the number of sorted runs that the sort modules hand to the distributed queue. However, there is
little performance cost to this; the only extra work that the sort must now perform is that n · k files
must be opened and closed, instead of n with the standard sort.

Figure 12.15 presents the results of our perturbation experiment. We focus on the write
phase of the sort, because the read phase is identical to other primitives in both structure and perfor-
mance.

From the figure, we can see that performance under perturbation is the least stable of all of
1Some slight modifications had to be made to the standard distributed queue to accommodate this.
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Figure 12.16: Top-N Data Flow. The basic data flow of the top-N selection application is presented.
Data is read from disk by the disk-read modules (DR), and passed to sort modules (S), which buffer
some amount of data before generating a sorted run and writing it to disk via the disk-write modules
(DW ). Runs are generated as such until all data has been transformed into a set of sorted runs. In
the final (short) phase, the runs are merged to produce the top N data items. If the user desires more
data, the merge can be continued from the sorted runs.

the programs. We attribute this directly to the coarser granularity of the load balancing across disks;
with only a few 10 MB runs to balance across disks, a single slightly faster disk could end up with a
noticeably larger amount of work. In general, though, performance degrades as expected, though the
absolute performance is not as high as with other primitives, due to the extra work associated with
managing n · k runs.

12.6 Top-N Selection

Finally, we present our last query-processing primitive, top-N selection. A top-N selection
selects the top N data items from a collection based on a user-specified key value. N is usually a
small number, such as 10. Queries of this form are common in databases and Internet search engines,
which, after generating a large set of candidate results, order the results based on a quality metric
and present the top few results to the user; examples of systems that generate top-N results are the
AltaVista or HotBot search engines 2

Figure 12.16 presents the basic data-flow of the top-N program. In the first phase, sorted
runs are generated by reading through the entire data set, sorting a block at a time as they are read
into memory, and then writing each sorted run to disk. The second phase completes the selection by
merging the top few records of the sorted runs into the top-N final result.

Figure 12.17 shows the disk-robust version of top-N. Both graduated declustering and a
distributed queue are utilized in order to make the first phase of the program robust. The use of

2Note that we do not claim that these search engines perform the top-N selection in this exact manner, just that they
perform some form of top-N selection. For smaller data sets, the top-N data might reside entirely in memory, and different
implementations would be appropriate.
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Figure 12.17: Disk-Robust Top-N Data Flow (Phase 1 only). The diagram depicts the disk-robust
first-phase of top-N selection. Both robust mechanisms are employed; graduated declustering allows
us to tolerate read-side performance faults, and a distributed queue, placed between the disks and the
sort modules, allows us to tolerate performance faults at the write-side. Note that no performance
faults can be tolerated during the merge phase (not shown, as it is identical to the standard data
flow); however, because that phase is quite short relative to the rest of the application, this should
not be a problem.

graduated declustering is standard, quite similar to the other applications, but the distributed queue
placement is unusual.

We insert a distributed queue before the sort modules and after graduated declustering,
which has the effect of tolerating write-side performance faults all the way down at the sink disks,
the disks at the right side of the figure. The rate of each sorter is determined by the disk that they write
sorted runs to. Slow disks do not sink sorted runs quickly, and thus sort modules that are writing to
slow disks do not consume as much data as sort modules running upon faster disks. Thus, we are able
to move the distributed queue up the flow from the disks all the way to the location in the diagram,
taking advantage of the fact that disk performance propagates back through the system; we can thus
see how important flow control is to the construction of the system. We also see how the distributed
queue and graduated declustering can be plugged together to form a new “virtual” construct, that uses
replication to avoid producer-side faults, and load balancing to avoid consumer-side faults.

Placing the distributed queue between the sort modules and the write modules would also
have the desired effect, and initial performance results with that version are also promising. However,
this placement is more demanding on the distributed queue, as it would have to balance sorted runs
across the disks. In fact, we have already seen this exact placement of the distributed queue in
Section 12.5 with external sorting, where we could not place the distributed queue before the sort
modules due to the semantics of the sort operator. If we had done so here, our performance would
match that of the sort as shown in Figure 12.15.

We also notice that there is no robustness added to the merge-phase of the program; there-
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Figure 12.18: Top-N Perturbation Spectrum. The figure presents the behavior of the top-N se-
lection under perturbations. Overall, performance degrades gracefully under perturbation, and is
worse than the static system only in the unperturbed and severely perturbed cases. The experiment
is run on 16 machines, and the program is run over a 2.4 GB data set, or 150 MB per machine;
the top 10 values are output. The number of perturbations is increased along the x-axis, from 0 to
the full cluster size of 16, where a perturbation is an output stream that consumes half of the peak
disk bandwidth. The percent of peak performance is the figure of merit, and plotted along the y-axis.
The results of five separate trials are presented, shown as points in the diagram, and are compared
against two lines. The first, labeled ‘Ideal’, is how the ideal system’s performance would degrade.
The second, labeled ‘Non-robust’, shows how a static system without would perform. A best-fit line
is plotted through the data points.

fore, it is not shown again in the diagram. Amdahl’s law dictates this course of action, as almost no
time is spent in this phase, particularly for large data sets. Thus, even if one particular disk is greatly
slowed during this phase, performance will not suffer unduly. We avoid the difficulty of transforming
this portion of the program with our application-specific knowledge.

Figure 12.18 plots the performance of the top-N selection under perturbation. As is stan-
dard within this chapter, the perturbations are to the disks, and the number of disks that are perturbed
with a concurrent read stream is increased from 0 all the way to 16.

From the diagram, we can observe that overall performance is good, as expected, and
degrades gracefully under perturbation. As compared to the other programs within this chapter,
absolute performance is lower. Some of this overhead can be attributed to the use of graduated
declustering, which induces extra seeks onto the disk; recall that the application normally is either
reading or writing from disk, but not both concurrently. Another cost is due to time spent in opening
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Percent of Ideal Performance with N Disks Perturbed
Primitive 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Scan 97 89 91 92 93 93 94 94 96 94 95 92 92 94 94 95
Generate 96 96 96 96 96 97 97 97 97 97 97 98 98 98 98 98
Filter 96 97 94 95 95 97 96 98 98 98 99 99 99 99 99 99
Top-n 98 92 95 95 92 94 93 93 94 92 91 92 91 91 90 89
Join 96 97 97 97 97 97 97 97 96 98 97 97 98 98 98 98
Sort 95 91 93 92 93 95 91 94 96 92 94 93 97 95 94 97

Table 12.1: Summary of Results. Performance of all database primitives is presented in tabular
form. Instead of plotting performance as a percent of ideal in the unperturbed case, we normalize
performance versus ideal performance in each case. Thus, 100% is attainable in each column.
Overall, performance is quite good, always between 89% and 99% of ideal.

and closing each sorted run. Some additional work, perhaps in adding an asynchronous open and
close, and overlapping them with other work in the system, could alleviate the latter problem, and
improve performance by roughly 5% across all data points.

12.7 Summary

In this chapter, we have applied our performance-robust data-transfer mechanisms to a set
of I/O-intensive database primitives. Table 12.1 presents a summary of our results. In the table, per-
formance under all perturbations are plotted, this time in slightly different form; instead of presenting
performance as the fraction of peak performance in the unperturbed case, as we have throughout the
dissertation, we normalize against ideal performance. Thus, in all columns, 100% is possible. As
we can see from the table, in all cases, overall unperturbed performance is excellent, as seen in the
zero perturbation column, and performance under perturbation degraded gracefully, as desired. Our
baseline goal of constructing performance-robust database primitives was achieved, with a cost of
only 5% or less even if no perturbations occur.

We also can draw a few general observations from our experience. Overall, manual pro-
gram transformation is straight forward, and the mechanisms we have provided are sufficient to
tolerate disk faults, both during reads and writes. Future work should investigate tolerating a larger
class of performance faults, including faults induced by erratic CPU performance and overloaded,
and thus paging, virtual memory systems.

In particular, all programs that had read components could apply graduated declustering
quite easily, without any modification to the program data flow. However, graduated declustering
requires data set replication, which leaves open the question of how to make use of it in the middle
of a program data-flow, when a recently generated scratch data set has not yet been replicated. For
example, a program that writes out a scratch file and then does not immediately read it back could
use the idle time to replicate the collection for performance-availability reasons.

Finally, we see that the distributed queue must be used with more care, as it requires some
understanding of program semantics. The top-N selection and sort are good examples of the two
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extremes: with top-N selection, the distributed queue could be used quite easily to provide disk-write
performance robustness, whereas with the sort, not only was some slight modification required to the
distributed queue to support coarse-grained run balancing, but also the output format of the sort had
to change.



Chapter 13

Conclusions

Large-scale, modern systems must provide performance availability. We have shown this
to be the case for I/O-intensive applications in clustered systems, though we do believe the concepts
can and should be applied more generally. Further, we have developed two mechanisms for building
applications that are performance-robust: a distributed queue, which can be used to distribute work
across the cluster and avoid consumer-side performance faults, and graduated declustering, which
can be used to access data from replicated data sources and thus avoid producer-side performance
faults. In tandem, these two constructs can be used to develop performance-robust applications. In
this chapter, we will first summarize our major results, present guidelines for building performance-
available systems, and then spend the last portion of the chapter speculating on future directions for
this research. We then conclude the dissertation.

13.1 Summary

13.1.1 Methodology

At the methodological level, we have seen the value of studying both simulations and
a prototype implementation, which was also cited as valuable in [8]. The highly-controlled and
simplified simulation environment allowed us to focus purely on fundamental algorithmic issues,
while avoiding many of the subtle and sometimes distracting implementation details often found in
real prototypes. When measuring the behavior of the prototype implementation, results could be
compared against expected simulation results; if there was a mismatch, we knew it was not from an
algorithmic property, but rather likely was caused by the unexpected behavior of a software library
outside of our control or undocumented hardware behavior. For example, the fairness or deadlock
properties of the Myrinet switches, or the flow control of the message layer, both would have been
difficult to uncover had we not had faith in our distributed algorithms. Before we had developed the
simulator, performance problems in the implementation were much more difficult to track down, and
the range of experiments we performed were much less broad in nature. Simulations build confidence
in design, which translates to ease of implementation.

Also of value was the comparison of all experimental to results to that of the ideal system.

129
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Instead of comparing performance to that of another, lesser-performing algorithm, all results can be
seen versus their true potential, due to the model of ideal performance we were able to develop in
Chapter 2. We believe that this style of comparison should be employed wherever possible.

13.1.2 Distributed Queues

The experiments in Chapter 9 reveal that the basic distributed queue algorithm is quite scal-
able and achieves the desired behavior. Crucial to its proper operation is the number of outstanding
messages that are utilized. If the distributed queue is allowed too few outstanding messages, absolute
performance will suffer, because the producers will not be able to keep the consumers busy. Further,
when attempting to cope with performance faults, it is critical to allow each producer at least one
outstanding message per consumer. If this is not the case, then the producer will not be able to track
the performance of all consumers in the system, and therefore will not perform as well as expected.

One major simplification we have made is that the processing time per message block
at the consumer is fixed. This simplification allows us to have a fairly straight-forward algorithm
for detecting slow nodes. In a more dynamic environment, more sophisticated algorithms may be
required to gauge the rate of progress of remote nodes. For example, an adaptive ramp-up similar to
TCP could be employed [66].

We have also seen that the distributed queue algorithm assumes a fair network; without
fairness in the network, some producers may receive preference, and thus be able to deliver their
workloads sooner than other producers. When this unfairness occurs, all entities will not finish at the
same time, and thus the system will run at the rate of the slower component. In the future, a more
sophisticated algorithm that tracks and schedules consumption based on producer progress could
provide a possible solution to this problem.

Finally, we have also seen that the distributed queue algorithm requires excess parallelism
to tolerate faults; with too little work to do, perturbed consumers will become the bottleneck. A
more complicated distributed queue algorithm could be more stingy about giving work to perturbed
consumers, and thus potentially avoid this problem.

13.1.3 Graduated Declustering

The basic graduated declustering algorithm also works quite well, yielding high absolute
performance under scale, as well as good performance under perturbation. The major difference from
the distributed queue is that while the distributed queue can tolerate faults to any of the consumers,
graduated declustering is more sensitive to producer-fault placement, due to the nature of how it
moves data from producers to consumers.

Critical to the performance of graduated declustering is the ability of the producers to track
consumer-side progress. By monitoring the progress of each remote consumer that it services, a
producer is able to bias its scheduling so as to lead the consumers to progress at the same rate. Our
current algorithm piggy-backs this information onto requests for data, which has the advantage of not
adding any extra messages into the basic protocol.

Clearly, one important aspect of graduated declustering is the extra capacity and bandwidth
costs it places on the system. Because each producer-side data set must be replicated one or more
times, the question of when to replicate arises. Though not addressed in this document, a cost/benefit
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analysis could be applied to determine when a particular data set should be replicated. In such a
system, an idle-time agent could periodically wake-up and assess current data usage patterns and
frequencies, and thus begin the process of replicating those data sets.

From our experiments with producer-side scheduling, we saw the importance of producer-
side scheduling. A subtle change in the scheduling algorithm of graduated declustering can lead to
much poorer performance characteristics under perturbation.

Finally, one clear weakness of graduated declustering is its vulnerability to consecutive
performance faults. Future work could address this deficiency by spreading the blocks of a replica
across all of the disks of the system, instead of the entire replica residing on a single disk, similar to
the layout of data blocks in Chained Declustering [64]. In that scenario, consecutive perturbations
could be easily handled, but perhaps with higher overhead in the non-perturbed case, as well as
significant implementation complexity.

13.1.4 Applying the Mechanisms

In Chapter 12, we learned that the process of applying the primitives to data-intensive
database primitives was usually straight-forward; thus, we can empirically say that the two data-
transfer primitives are “sufficient” for constructing programs that are robust to disk performance
faults.

In particular, all programs that read data from disk could apply graduated declustering
quite easily, without any modification to the program data-flow. However, graduated declustering
requires data set replication, which leaves open the question of how to make use of it in the middle
of a program flow, when a recently generated scratch data-set has not yet been replicated. Though
we present no solution for this within this dissertation, a program that writes out a scratch file and
then does not immediately read it back could use the idle disk time to replicate the collection for
performance-availability reasons.

Finally, we see that the distributed queue must be used with more care, as it requires a
thorough understanding of program semantics. The top-N selection and sort are good examples of
the two extremes: with top-N selection, the distributed queue could be used quite easily to provide
disk-write performance robustness, whereas with the sort, not only was some slight modification
required to the distributed queue to support coarse-grained run balancing, but also the output format
of the sort had to change.

13.2 Guidelines for Performance Available Systems

We now present a set of guidelines for constructing performance-robust systems. We as-
sume that the goal is to build a system that performs consistently and with high performance. To
achieve this goal, we suggest the following four guidelines be followed.

Avoid performance assumptions; use feedback. The key to performance-robust systems is to
avoid performance assumptions in global operations. All operations must be based upon knowledge
of current performance levels, via some form of active monitoring.

In our system, we have designed two mechanisms that are performance-assumption free:
graduated declustering and distributed queue. Central to the design of both of these data-transfer
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primitives is the use of feedback. The distributed queue utilizes implicit feedback from remote con-
sumers in the form of acknowledgments, to allocate more work to faster nodes, and thus avoid perfor-
mance faults. Analogously, graduated declustering uses explicit feedback in the form of a progress
metric, which allows producers to properly allocate bandwidths across consumers.

Generate excess parallelism. The properties of the workload also determines the ability of the
system to react to and avoid performance faults. Some amount of excess parallelism in application
workloads is necessary to tolerate performance faults in distributed systems. With excess parallelism,
the majority of work can be moved to and executed by components that are working well, and the
work that has been given to “slow” nodes does not dominate execution time. The experiments in
Chapters 9 and 10 show the effects of a lack of parallelism on our data-transfer primitives.

In our experience, many data-intensive applications have plenty of available parallelism,
and thus are amenable to performance-robust transformations. Applications that run for short periods
of time or over small data-sets are not, but fortunately, it is exactly those applications that do not need
to be performance robust, as dictated by Amdahl’s Law [3].

Understand network behavior. In distributed systems, the primary manner of avoiding perfor-
mance faults is to shuffle more work to faster nodes and proportionally less work to slower nodes;
the method of distribution is the network that interconnects the components. Thus, network behavior
is crucial to overall system performance.

Specifically, the message layer must not unduly limit the number of outstanding messages
that distributed algorithms are allowed. In our system, both graduated declustering and the distributed
queue are quite sensitive to the number of outstanding messages; if they are restricted to fewer than
they need, both mechanisms will not be able to avoid performance faults successfully.

We have also seen the importance of the network switch hardware; if global performance
problems such as deadlocks are likely to occur, a system such as ours will not be able to avoid the
detrimental performance consequences. Thus, by design, global performance faults in the network
will defeat the system.

One possible solution is to have redundant switch machinery; however, in our case, this
would not have solved the problem, as the deadlock would have occurred in all available switches.
Thus, only redundancy with a different brand of network, namely, one that is not likely to suffer from
the exact same performance problems, would be a suitable solution; sometimes heterogeneity has its
advantages.

It should be noted that localized network performance faults, such as a slow link or network
interface, are essentially identical to single component failures, and therefore much easier to tolerate.

Provide spare performance and capacity. Finally, we have described how to build a system that
utilizes all available bandwidth, regardless of the performance of its constituent components. How-
ever, if the applications that we are interested in utilize 100% of resources in the unperturbed case,
just the slightest drop in performance of a single component leads to a noticeable, though not catas-
trophic, overall performance drop. Thus, some spare performance should be engineered into the
system, providing “performance slack”. The amount of slack is difficult to determine exactly, as it
depends on the nature of perturbations, but we have found empirically that roughly 10% of machines
will commonly under-perform.

Spare capacity also is required, in particular for the graduated declustering mechanism to
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be applied to on-disk data collections. Without spare capacity for replication, the generic producer
problem can not be solved. Thus, all frequently-read data-sets should be replicated for performance
reasons.

13.3 Future Work

Though we have made significant inroads towards building systems with high performance
availability, much work remains to be done. We now touch on some key areas that are not addressed
within other parts of this dissertation.

13.3.1 Generalized Performance Availability

The main limitation of our current work is the realm of its applicability. While we be-
lieve the mechanisms to be quite general, we have only shown their utility in I/O-intensive cluster
applications, and in particular their ability to cope with disk performance faults.

Thus, research into how to build performance-available systems in other domains is called
for. What extensions to our current techniques are required to enable general performance availabil-
ity? As system complexity increases, we believe that more research and production computer systems
will have to address such issues, or suffer from strange and unpredictable performance properties.

Though both the distributed queue and graduated declustering are good steps towards this
general goal, and indeed in some cases are sufficient, we have seen cases in Chapter 12 where they
do not provide the entire solution. A broader investigation into different application domains may be
one way in which to begin to approach this general and difficult problem.

13.3.2 Generalized Replication

Use of replication in the current prototype system is quite limited. Only a single replica
is ever used, and it is assumed that the replica is created off-line. All replicas are of on-disk data
collections; no computation is ever replicated.

Many previous systems have utilized replicated computation to cope with machine faults [107].
These same mechanisms could be applied to the performance availability problem. A slow replica
could be considered “dead”, and thus performance faults could be avoided, transparently to the ap-
plication. However, naive replication is costly, and much work would be required in order to create
lightweight mechanisms that do not tax system resources too greatly.

13.3.3 Long-term Adaptation

There has been recent file-system work extolling the virtue of “adaptive” systems [87, 112].
Most of this work has concentrated on file systems, and the adaptation therein has been off-line. For
example, Neefe et al. propose a system that reorganizes disk blocks to improve sequential read
performance in a log-structured file system.

In contrast, the focus of this dissertation has been to provide mechanisms that operate
on-line, at run-time, to adapt to performance faults that are common within clusters. Because of the
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nature of performance faults, off-line mechanisms, to the first order, would be hard pressed to combat
the dynamic nature of these faults.

However, some off-line adaptation could be applied to aid our system as well. One exam-
ple is with graduated declustering; when should replication of data sets occur? Clearly, an off-line
agent that analyzed access patterns and frequencies could be applied to determine when such opti-
mizations should occur. Another place where this would be useful is in recording long-term behavior
of particular nodes or disks. Those that consistently give bad performance could be avoided entirely.

13.3.4 Multi-workload Effects

The work presented in this dissertation has concentrated on perturbations to a single, par-
allel application. While this is an important case, workloads in the real world often consist of multi-
ple, concurrently running applications. Thus, a study of multi-workload performance availability is
needed.

One example of this occurs in database applications, where a single query decomposes into
a query plan, usually a thin tree of database primitives, strung together to implement the query. Our
current method would be to string together a series of performance-robust primitives, for example
a scan feeding into a selection feeding into a sort. However, with global knowledge of the plan, as
well as a good understanding of the applications, perhaps only a performance-robust scan read and
sort write would be needed, as the mechanisms therein would naturally cope with any performance
variations to the system.

13.3.5 Migration

Though ignored in this work, process migration [13, 47, 83, 97, 98, 120] could be utilized
within our environment to provide some amount of performance availability. In the current system,
process placement is presumed to be static; robustness is added to applications by facilitating dynamic
movement of data to and from faster entities.

However, a system that also had the ability to move work completely off of a node could
be of great utility. For example, when a node becomes unreliable in terms of performance, any
remaining work could be moved to other, better-responding nodes. The difficulty with this strategy
could be in getting the data off of the slow node.

Transparent process migration traditionally has been difficult to implement, for reasons
enumerated in [47]. This may be why no current operating systems deliver a migration package as
a part of their standard system. However, in a specific programming environment such as River,
non-transparent migration may provide an easier path towards an implementation, where the user is
required to program extra routines to package and un-package module state.

13.3.6 Fault Explanation

To date, we have taken the attitude that performance faults will occur, and instead of trying
to understand and remove them from the system, we will instead build higher level mechanisms to
cope with them. Because the number of possible explanations for performance problems is large, our
approach has seemed most practical.
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In some restricted situations, however, the cause of the problem could indeed be detected.
For example, if a node under heavy load begins to page fault, the run-time system might wish to
inform some higher-level entity of this behavior, to avoid particular workload placements. Another
example, which has been observed elsewhere [119], has disks that begin to deliver extremely poor
performance due to SCSI timeouts. Again, the operating system could inform our run-time layer,
which could begin to move data away from this disk, in fear of a more absolute fault in the near fu-
ture. In the minimal case, by reporting unexpected performance variations to a system administrator,
human intervention could be applied to derive the cause of the problem and perhaps fix it at some
later date.

13.3.7 A Theory of Performance Availability

Though we have made some progress along these lines within this dissertation, a more
developed theory of performance availability is needed. Part of this would include more advanced,
and perhaps non-linear, models of system performance under faults.

Also, it would be of value to prove that the behavior of the distributed queue and gradu-
ated declustering match specification. Though we have empirically shown that the algorithms are
effective, analytical proofs are still needed.

13.3.8 Modeling Performance Faults

There is also a need to develop better models of how often performance faults occur in real
systems, as well as their duration. A good example of the utility of such models can be found in
the early RAID work [52], where models of disk failures are used to predict the behavior of various
RAID configurations. With good models in hand, analogous analyses could be applied to judge the
performance availability of systems.

The best manner in which to derive such models is to study real systems in production
settings. Non-obtrusive performance meters could be added and results periodically logged.

13.3.9 Transparent Adaptation

The two core mechanisms, the distributed queue and graduated declustering, are presented
to the user to incorporate into a data flow. Though graduated declustering does not require much
change to the program structure, the distributed queue requires intricate understanding of program
semantics; oblivious insertion will likely change program correctness.

Thus, one interesting avenue of further research would be to explore the design of adaptive
cluster subsystems, which internally are performance robust, but provide an easy-to-use interface to
applications. One example of this would be to design a file system or storage manager that provided
performance available streams to applications, both for reading via graduated declustering, as well as
for writing.

Another direction in which transparency could manifest itself is via compilation. Instead
of specifying something as low-level as a data-flow graph, applications could perhaps be expressed
in some higher-level format. This would allow a compiler or query optimizer to understand how to
construct the application, and perhaps automate some or all of the process of transforming a standard
application into something that is performance-robust.
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13.4 Coda

As hardware and software systems spiral in size and complexity, systems that are designed
for controlled environments will experience serious performance defects in real-world settings. This
has long been realized in the area of wide-area networking, where the end-to-end argument [105]
pervades the design methodology of protocol stacks such as TCP/IP. In such systems, it is clear that a
globally-controlled, well-behaved environment is not attainable; therefore, applications in the system
treat it as a black box, adjusting their behavior dynamically based on feedback from the system to
achieve the best possible performance under the current circumstances.

Complexity has slowly grown beyond the point of manageability in smaller distributed
systems as well. Comprised of largely autonomous, complicated, individual components, clusters
exhibit many of the same properties – and hence, the same problems – of larger scale, wide-area
systems. This problem is further exacerbated as clusters move towards serving as a general-purpose
computational infrastructure for large organizations. As resources are pooled into a shared computing
machine, with hundreds if not thousands of jobs and users present in the system, it is clearly difficult,
if not impossible, to believe that the system will behave in an orderly fashion.

Thus, software programming environments for dynamic platforms such as clusters and
other large-scale servers must provide mechanisms such that facilitate robust application develop-
ment. This concept of performance availability is one of the core contributions of this dissertation.

We have found that two mechanisms in particular provide much of what is desired. The
first, a distributed queue, allows applications to shuttle more work to faster machines, and thus can
avoid consumer-side performance faults. The second, graduated declustering, allows applications to
take advantage of replicas in order to avoid producer-side performance faults. Both of these algo-
rithms are realized in a robust, completely distributed manner. Thus, no configuration of the cluster
must occur; all adaptation occurs at run-time.

These mechanisms have been successfully applied to a small set of I/O-intensive appli-
cations. With a small amount of extra work on the part of the programmer, standard non-robust
applications can be made to tolerate performance faults to the disks. Though we have chosen to
concentrate only on one type of performance fault, we believe that many of the techniques we have
created are quite general.

Attaining consistent performance for applications is easy – it can always be bad; attaining
high performance is a matter of persistence – one good run when everything is “just right”; attaining
both is the challenge for modern software systems.
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