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Abstract

Real-time Storage Systems for Multimedia

by

Raju Rangaswami

Over the last decade, storage has been playing catch-up with the meteoric

improvement in computation and communications infrastructure. However, this

trend requires a change if future systems must be able to support emerging ap-

plications that deal with massive amounts of data. These high data-volume ap-

plications require that storage systems support not just the traditional quality-

of-service (QoS) metrics like reliability, availability, etc. but also new metrics

like real-time data-delivery, and low response-time while maintaining high sys-

tem throughput.

The development of conventional real-time systems has mainly focused on

supporting the real-time paradigm for computational resources and usually as-

sumes that all data resides in main memory. Real-time multimedia systems,

however, manage large amounts of heterogeneous data that require to be placed

on secondary storage. These include data that have real-time delivery con-

straints, traditional data that require best-effort service, as well as interactive

data that require immediate service. In addition to satisfying computational

real-time constraints, such systems must also support the real-time data stor-

age and retrieval requirements of multimedia applications.

This dissertation focuses on storage systems that can support the varied re-

quirements of heterogeneous multimedia data. For providing the IO guarantees

required by such data as well as improving the overall cost-performance metric

of the storage system, we propose and evaluate two principal approaches.
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The first approach presents several methods for managing a traditional disk-

only storage system to meet real-time delivery constraints as well as improving

the response time of interactive operations. Unlike previous methods, these

methods are developed based on accurate low-level profiling of storage device

parameters.

The second approach proposes new architectures for storage systems using

MEMS-based storage, an emerging technology, and evaluates its value for real-

time multimedia applications. This approach is a specific-case solution for the

more general problem of managing heterogeneous data and storage. We propose

rules-of-thumb for partitioning data types across storage devices and propose

architectures and mechanisms for building MEMS-disk storage systems that can

support real-time streaming data.
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Chapter 1

Introduction

Computation, Communication, and Storage – are the necessary components

for building a computer system. While computation and communications in-

frastructure have enjoyed tremendous growth in the recent past, storage has

been lagging behind significantly. Compared to the sustained improvement in

computation power and communication bandwidth (60% [53] and 200% [28] per

year respectively), improvements in storage technology, more specifically disk-

drive technology [32, 83], are only in capacity and throughput (60% and 40%

per year, respectively). The improvement in disk access time (10% per year)

is significantly less. The long access times for disk drives necessitates accessing

the disk drive in large chunks to achieve high throughput. Larger IOs imply

that larger (expensive) buffers are required to temporarily store data. As a

result, the storage system is usually the bottleneck in improving the overall

performance of a multi-programmed computer system.

The nature of Internet content has undergone noticeable transformation over

the last few of years. From text, to graphical images, to audio, and now video,

the Internet is making the user experience richer. Consistent improvements in

the capabilities of personal computers and the availability of high-bandwidth

home Internet-access have influenced the current rapid increase in multime-
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dia streaming content. With high-speed Internet access, rich media is gaining

increasing popularity with Internet users. Recent surveys indicate that over

50% (close to 100 million) of internet users in the US access streaming media

content [56].

Unlike traditional data, streaming data have quality of service requirements.

Data must be retrieved or stored by a specific deadline otherwise the user expe-

rience suffers. Conventional real-time systems that guarantee quality of service

have focused on supporting the real-time paradigm for computational resources.

Real-time communication or networking support has also received reasonable

attention with the development of networks like Firewire (IEEE 1394) and ATM

that provide for bandwidth reservation. In the context of streaming data, stor-

age is as important as computation or networking. In addition to guaranteeing

real-time computation and communication constraints, such systems must also

support quality of service requirements at the storage system.

With the emergence of applications that deal with massive amounts of data,

system architects have begun considering storage as the main bottleneck re-

source and have been adapting solutions to account for this. Applications like

video surveillance, large-scale sensor networks, storage-bound Web applications,

and virtual reality, require that storage systems support new QoS primitives

that can effectively manage the large data sizes as well as real-time data deliv-

ery constraints. To cite examples, video surveillance systems [13, 64] typically

issue IOs of several megabytes to support streaming data to maintain high-

throughput while supporting low-latency interactive scan operations simulta-

neously; the TinyDB project [47] at UC Berkeley proposes an ad-hoc sensor

network of motes which are capable of transmitting continuous sensor readings

of up to 50Kbps and which are required be stored in an online, real-time fashion;

the GoogleFS [26] uses 64 MB IOs to access its data stores performing IOs to

accomplish a variety of tasks of varying priority; the TerraFly project [12] at

Florida International University integrates remote sensing image data obtained
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from orbiting satellites into a real-time updating virtual-reality flight simulator

used simultaneously by several users. Current disk-only storage systems that are

designed to support such applications are limited by both cost and performance

constraints.

Before we move on, we ask ourselves this question: What does the term

quality of service imply for storage systems? When we refer to quality of service

in storage systems, it could have multiple interpretations. One interpretation

would be in terms of reliability, availability and fault-tolerance metrics. These

metrics are of course important and are common to different types of applica-

tions and data. These are general quality of service metrics for all computer

systems. The quality of service metrics used for storage in the context of stream-

ing data are those of guaranteed-rate IO, throughput and response time. These

performance metrics gain importance upon assuming that the underlying stor-

age system is reliable, available and fault-tolerant. The fundamental question

we ask in this thesis is: given a storage system, is it able to provide quality

of service in terms of guaranteed-rate IO, throughput, and response time, for

managing streaming data?

Surveying today’s storage options for multimedia data, we note that even

after the long reign of Moore’s Law, the basic memory hierarchy in computer

systems has not changed significantly. At the non-volatile end, magnetic disks

have managed to survive as the most cost-effective mass storage medium, and

there are no alternative technologies which show promise for replacing them in

the next decade [83]. Today, disk drives are the preferred medium for storing

multimedia data, since they can easily accommodate the large sizes of these

data. Traditionally, operating systems have optimized disk drives for accessing

non-real-time data. It is an interesting problem to support real-time storage

and retrieval constraints on hard disk storage. We address this problem in this

dissertation.

Although disk drives are extremely popular for high-volume storage, they
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do have performance concerns. As mentioned earlier disk access times are have

continued to lag behind the disk throughput increase of 40% and capacity in-

crease of 60% [83]. Due to the increasing gap between the improvements in disk

bandwidth and disk access times (both seek time and rotational delay), achiev-

ing high disk throughput translates to large DRAM buffering cost. A large

DRAM buffer is especially necessary for servers which stream to a large number

of clients. Multimedia server architects have tried to cope with this performance

gap by proposing solutions ranging from simple resource trade-offs [60, 98] to

more complex ones that require substantial engineering effort [8, 41, 52].

Why is storage playing catch-up? In the past, system architects have been

partially addressing the storage bottleneck problem by developing engineering

solutions that try to maximize the available disk throughput. With the intro-

duction of new storage technologies, there is now another approach to improving

storage system performance by incorporating these technologies in part or full.

We can broadly classify these principal approaches as:

• Super-engineer existing disk-only storage systems.

• Employ alternative competing and assisting storage technologies.

For several years now, system architects have improved the performance of the

storage system for both real-time and non-real-time workloads using the first

approach [60, 91, 52, 8, 41, 16, 69, 19]. These solutions are and will continue

to be important for maintaining current and future disk-based storage systems.

However, disk-only storage solutions are effective only to a finite extent. Beyond

that the device mechanics are a limiting factor in improving its performance.

The latter approach is now becoming feasible with the introduction of new

storage technologies which have relatively better access characteristics than disk

storage. In fact, we see a trend toward building heterogeneous storage systems

composed of multiple storage technologies. Micro-electro-mechanical-systems

(MEMS) based storage is a relatively new technology that holds the promise
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of improving the storage system performance upon integration into the existing

storage hierarchy [71, 88, 95, 87, 63, 96, 70]. This research has served as the

initial demonstration of the potential IO performance improvement due to these

devices for a varied workload.

Emerging applications and storage technologies are necessitating the integra-

tion of real-time and non-real-time applications and data in a common platform.

Applications compete for the same storage resources in terms of space as well

as time (or bandwidth). Space partitioning is a significant problem because

of the nature of heterogeneous storage systems which are composed of multiple

components of varying cost and performance characteristics. Space partitioning

must also take into account the performance and capacity requirements of the

data itself. However, space may still be the more easily manageable of the two

resources.

Bandwidth allocation and reservation is complex not just due to the rea-

sons quoted above, but also because it is not an easily time-shared resource

in storage systems. While serving multiple application-generated IOs simulta-

neously, a significant, non-uniform switching overhead exists for non-uniform

memory access (NUMA) devices like disk drives and MEMS-based storage de-

vices. Allocation and reservation schemes must take this additional overhead

into account.

Applications generate a wide variety of IO, varying in size, throughput, and

interactivity requirements. Some applications access the storage device in large

chunks to maximize throughput. At the same time, others issue mission-critical

interactive IOs for which response time must be kept short and which may not

be able to wait for bulk transfers to complete. Application-generated IO traffic

require IO primitives for supporting their QoS requirements that include, but

are not limited to, the following:

• High throughput
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• Guaranteed-rate IO

• Hard and soft timing guarantees

• Non-starvation and eventual completion

• Low Response-time for interactive IOs

In this dissertation, we present a new class of single-disk and RAID-based

storage systems that also integrate the faster, albeit more expensive, MEMS-

based storage devices. MEMS-based storage devices offer a unique cost-performance

trade-off between those of DRAM and disk drives. We propose an analytical

framework to evaluate the effective use of MEMS devices in a streaming media

server.

The analytical framework that we have developed to analyze the use of

MEMS storage in streaming servers is not restricted to MEMS storage alone.

It is general enough to accommodate other devices with similar performance

characteristics which are being developed by academia and industry including

banks of NVRAM, holographic storage and atomic force microscopy (AFM)

storage [58, 86].

Real-time storage support in OS

Current commodity operating systems offer little or no real-time storage

support. The design of current operating systems are optimized for interac-

tive or throughput-intensive workload. However, multimedia systems place

unique, real-time demands on disk performance. If the deadline for data re-

trieval/storage is not met, end-user experience suffers or data is lost forever.

Additionally, multimedia data is bulkier and bandwidth intensive. Thus, it

presents the dual requirements of guaranteed delivery and high throughput to
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file-system design. The next generation of storage systems are faced with the

following requirements:

High-Throughput: To handle high-bandwidth multimedia data, these stor-

age systems must be able to handle multiple requests simultaneously and

deliver high throughput. To do so, the system software must have accu-

rate knowledge of the performance characteristics of the underlying storage

medium. One might argue that this problem could be solved by adding more

hardware to achieve higher performance. However, we note that if the scale of

the system is increased unnecessarily, manageability suffers and maintenance

costs increase. In fact, building a high-performance system provides an or-

thogonal solution and can be used in conjunction with cluster-based solutions.

Quality of Service: Multimedia data need quality of service guarantees

and have real-time requirements. The next generation of multimedia systems

must therefore provide guarantees on data access. Guaranteeing real-time

data delivery in combination with maintaining high throughput becomes a

hard problem when file-systems are unaware of the exact operation of the

storage device.

Low-level Device Knowledge: Multimedia file-systems must have accu-

rate information of low-level storage device features. In the case of hard-disk

storage, the file-system must have accurate knowledge of access overheads,

transfer rates, caching and prefetching policies etc. in order to perform well.

However, hard-disk manufacturers hide these features from the operating sys-

tem by providing high-level interfaces like Small Computer Systems Interface

(SCSI). The next generation multimedia file-system must be capable of cir-

cumventing such interface restrictions to obtain accurate device models and

performance metrics.

Managing new storage: Emerging storage technology holds promise of

changing existing storage architectures. Designing next generation storage
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systems must take new architectural possibilities into consideration during

design.

1.1 Thesis Statement

In this dissertation, we improve the state-of-the-art in real-time storage sys-

tems by pursuing two complementary research directions:

• Designing and implementing disk-only storage solutions using accurate

disk-profiling, and

• Proposing new architectures and mechanisms for building heterogeneous

MEMS-disk storage systems.

1.2 Thesis Contributions

This thesis focuses on storage systems that can support the varied require-

ments of heterogeneous multimedia data. The contributions of this thesis are

as follows:

1. We propose placement, scheduling and admission control algorithms for

managing both real-time and non-real-time data. Unlike prior approaches, the

methods presented in this thesis are based on on accurate low-level profiling

of storage performance features.

2. We present the implementation of a prototype multimedia streaming sys-

tem, which uses the proposed data management policies. We also outline

the architecture for a next-generation video surveillance system based on our

real-time streaming storage system.

3. We explore the impact of integrating emerging storage technology into

existing storage architectures on the class of streaming media applications.
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We evaluate the use of MEMS-based storage in streaming media servers as a

disk buffer and disk cache.

4. We introduce the problem of managing heterogeneous data on new storage

architectures that include traditional as well as new storage components. We

propose and evaluate architectures and mechanisms for building heterogeneous

storage systems that can also support real-time streaming data.
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Chapter 2

Background

In this chapter, we first provide an overview of multimedia application re-

quirements which are significantly different from those of traditional applica-

tions. We then describe different storage technologies and their cost-performance

characteristics that are important for storing and managing real-time multime-

dia data.

2.1 QoS requirements for multimedia

The different forms of multimedia today: text, images, audio, and video.

Other multimedia forms are possible in the future (e.g., holograms). Each

medium has unique requirements, possibly distinct from others. For instance,

text might require low response time, while video might require guaranteed rate

data retrieval and pose real-time requirements. Even within a single medium,

the properties of different objects belonging to that medium can be different

(See Table 2.1). The next generation storage solutions must take these di-

verse requirements into account. Here, we focus on the real-time requirements

of streaming multimedia and also show how non-real-time data requirements

within our framework.
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Media Type Sampling Rate Bit-rate Compressed
Voice 8 KHz / 8-bit 64Kbps 16Kbps
CD Audio 44.1 KHz / 16-bit / 2-ch 1.4Mbps 353Kbps
MP3 Audio 8 KHz / 8-bit 64Kbps 64Kbps
MPEG + CD Audio 320x480 / 25fps 6.2Mbps 2.25Mbps
NTSC Color 640x480 pixels / 24-bit 216Mbps 8.8Mbps
HDTV quality video 1280x760 pixels / 24-bit 720Mbps 25.6Mbps

Table 2.1: Multimedia Data Types.

Multimedia systems are generally characterized by the following require-

ments:

1. High Throughput

2. Low Initial Latency

3. Guaranteed Rate IO

4. Interactivity support

5. Support heterogeneous data

High throughput is required to support multiple simultaneous streams from

the storage system. As the number of streams increases, the throughput of the

storage system (for e.g. disk drives) degrades due to the extra overhead of ac-

cessing a large number of streams. Data placement and scheduling policies must

be employed to ensure that the throughput of the storage system is maintained.

Multimedia streams are usually user-driven. In the user context, streams

must be retrieved with low initial latency.

As much as throughput is important, the storage system must also provide

for guaranteed-rate IO for individual streams. Streaming data has bit-rate re-

quirements (either constant or variable) and the system must be designed so

that streams are guaranteed their required IO rates.

Support for interactivity is another common requirement that multimedia

systems. Users must be able to interact with video or audio streams by per-
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forming fast-scan or pause operations.

Finally, any multimedia storage system must support heterogeneous data.

By heterogeneous data, we mean both real-time as well as non-real-time data.

The system must ensure that non-real-time data are not starved while trying

to meet the quality of service requirements of real-time data. This requires

that certain part of the storage bandwidth be reserved for non-real-time traffic,

irrespective of the real-time load.

The above requirements are design goals for any multimedia system. How-

ever, achieving these goals is not straight-forward. To achieve high throughput,

disk utilization must be maximized and memory buffer use must be minimized.

Initial latency can be shown to be proportional to buffer use as well as disk

access overhead. To guarantee IO rate, disk bandwidth and buffer reserva-

tion is required. Thus, the design goals translate to conflicting requirements

of decreasing the buffer use and increasing disk utilization. The design of a

high-performance multimedia storage system can face bottleneck in either the

buffer subsystem or disk subsystem. Additionally, for current multimedia sys-

tem requirements, trend charts indicate that bottlenecks at the disk subsystem

are due to disk bandwidth rather than storage requirement. This calls for de-

signing a multimedia system which can dynamically find the best engineering

point in trading off buffer use with disk utilization.

2.1.1 Continuous Requirement

The bit-rate requirement for streaming data is referred to as continuous re-

quirement, which implies that such data must be retrieved or stored in a contin-

uous fashion. To satisfy the continuity requirements of such data, two classes of

IO scheduling algorithms have been proposed in literature: period-based schedul-

ing and deadline-based scheduling. Quality Proportion Multi-Subscriber Servic-

ing (QPMS or time-cycle based scheduling) [60] and the Earliest Deadline First

12



(EDF) [14] are representative scheduling algorithms. Several improvements to

these algorithms have been since investigated [8, 84, 52, 73].

In the period-based scheduling paradigm, stream servicing is broken into

multiple IOs. IOs for each stream must be performed in time to ensure the

continuity of the stream. In the period-based scheduling model, time is split

into basic units called time-cycles or periods. In each time-cycle, exactly one

IO operation is performed for the each of the streams serviced by the system.

Sufficient data is retrieved or stored for each stream so that there is no jitter

in the stream and the data buffers do not overflow or underflow. Within each

time-cycle, IOs can be serviced either in first-come-first-serve (FCFS) order or

the elevator order. Figures 2.1 and 2.2 depict time-cycle scheduling based on

FCFS and elevator order respectively. In each approach, part of the time-cycle

can be reserved to service non-real-time jobs, so that they are not starved.

1 2 3 4 1 2 43

t
Time cycle

Figure 2.1: FCFS Period-based scheduling.

1 2 4 3 4 12

t
Time cycle

3

Buffer requirement

Figure 2.2: Elevator Period-based scheduling.

In the deadline-based scheduling paradigm, stream IOs are represented as

individual tasks. This paradigm was originally developed for real-time CPU

scheduling [45] and eventually adapted to disk scheduling [14, 52]. In this

paradigm, each task is represented as the 3-tuple of < deadline, priority, phase >.

The notion of periodicity of the tasks is imposed by deadlines for the tasks.
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In the class of deadline-based scheduling algorithms, the rate-monotonic algo-

rithm [45] is proved to be the optimal fixed priority algorithm. According to

this algorithm, tasks with shorter deadlines automatically assume higher prior-

ity and ties are broken arbitrarily.

To compare the two scheduling paradigms, we note that the deadline-based

approaches have well-established CPU scheduling theory as the basic frame-

work. However, they do not have the ease of visualization of the period-based

approach. Moreover the memory requirement for streams scheduled using the

deadline-based approach is difficult to model. Non-real-time jobs could po-

tentially starve under the deadline-based approach. The period-based approach

provides a very natural way to reserve disk-bandwidth for non-real-time or high-

priority kernel IOs. For these reasons, in this thesis, unless otherwise mentioned,

we use the period-based IO scheduling paradigm.

2.1.2 Data Buffering

Figure 2.3: Memory model (From [8]).
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To account for IO rate-variability, most buffer management schemes use the

worst-case bit-rate to reserve buffer space. The amount of buffer space required

is proportional to the bit-rate of the stream as well as the duration between

successive IOs. If the IO scheduler uses FCFS scheduling, careful management

of data buffers [8] can reduce the amount of buffer space required to the size

of a single IO request or the duration of a single time-cycle. Figure 2.3 shows

how the buffer is filled up and consumed over the duration of a single time-cycle

(T ). Initially the buffer is filled up at the rate TR. The buffer is also consumed

at the rate BR throughout the duration of the time-cycle. Instead of FCFS, if

the IO scheduler uses elevator scheduling, due to the variability in IO positions

of individual streams in successive cycles (Figure 2.2), the amount of buffer

required increases equivalent to two time-cycles.

2.1.3 Interactivity

User interactions with a multimedia system translate into IO operations

which must be serviced with the minimum latency. However, the IO scheduler

must ensure that the real-time guarantees for existing streams are maintained

while servicing the new request. To handle interactive operations with mini-

mum response time, the study of [7] proposes using a reserved IO slot within

each time-cycle. This slot is called the bubble slot. The bubble slot is always

maintained after the current IO slot. When a new interactive request arrives, it

is serviced immediately following the servicing of the current IO request, in the

bubble slot. The response time for interactive requests is thus reduced to the

total time required to service the ongoing IO request and the new IO request.
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2.2 Storage Devices and Architectures

Traditional file-system design was focused on a storage system which em-

ployed the server-attached disk architecture, in which storage devices, such as

disks, are locally attached to servers. Clients access data on disks via the server

over the network. However, new storage and delivery architectures are becoming

popular in recent years. The Content Delivery Network Architecture [2] tries to

solve the network bandwidth problem by replicating content across the Internet

in order to reduce the average number of hops to access content as also to solve

the scalability problems of traditional server design. Single node servers are

being replaced by Cluster Systems [4] since they provide a low-cost solution for

scaling. Another emerging trend is that of Storage Area Networks [79, 27]. This

architecture proposes the separation of storage devices from servers. It consists

of a Storage Area Network (SAN) to which storage devices such as disks are

attached; servers access these devices via the storage area network. This ar-

chitecture allows clients to directly access data from disks, thus excluding the

server from the data path.

2.2.1 Primary Storage

We can categorize primary storage as volatile random access memory, which

loses its data upon power loss, and nonvolatile memory, such as flash and read-

only memories, in which data persists [67].

Random Access Memory

Random access memory can be classified into static and dynamic RAM. Al-

though both are volatile, DRAM memory requires to be refreshed thousands of

times per second. SRAM does not require refreshing to protect from data cor-

ruption. However, SRAM is physically larger than DRAM and is not practical
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for main memory. Main memories are composed of DRAM.

Flash Memory

Flash memory is a popular form of non-volatile storage, i.e. storage that

does not lose its contents when power is lost. Some common places where we

can find Flash memory being used are: BIOS chip in computers, compact flash

(most often found in digital cameras), smart media (most often found in digital

cameras), disk drives, PCMCIA cards (used in laptops), and as memory cards

for video game consoles. Although flash memory has the size advantage in solid-

state storage, it is relatively slow to write, and hence has limited applicability.

2.2.2 Secondary Storage

Hard Disk

Hard disk arrived on the storage scene almost 50 years ago, when introduced

by IBM to replace punch cards. In 1973, IBM introduced the first Winchester

disk drive, featuring two spindles of 30 MBytes each. Since then, disk drives

have maintained themselves as the most popular medium for permanent storage.

Nearly every desktop computer and server in use today contains one or more

hard-disk drives.

Hard disks have a hard platter that holds the magnetic medium, as opposed

to the flexible plastic film found in tapes and floppies. The hard disk drive

has a solid place in the random access storage area for cost, reliability, and

performance, but its portability and shelf life are concerns. Nevertheless, the

seemingly endless innovations in this area indicate that designers will find a

cost-effective solution to these concerns. For example, the micro-drive is a 1-

inch disk drive that can store a gigabyte of data and could possibly expand the

role of disk drives in certain applications.
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MEMS Storage

Although hard disks have a solid place in random access storage, new stor-

age technology promises to replace or at least offload part of the disk storage.

MEMS-based storage is one such technology which promises to fill the growing

performance gap between DRAM and disk drives in today’s storage hierarchy.

IBM has developed Millipede [88], a prototype micro-electromechanical sys-

tem that provides a terabyte of storage on a single chip the size of a postage

stamp. The storage medium is a thin polymer film on the chip surface that

stores bits as 10-nanometer-diameter holes. Millipede, which features high-

density nonvolatile erasable memory suitable for portable digital systems, tar-

gets the flash memory market. The tips of the Millipede device used to read

and write the media are sculpted into the silicon and write by heating to 400C.

They read by heating the film to 300C, which does not melt the polymer, and

detecting the cooling effect of dropping into a hole.

Another prototype that has been developed at the Carnegie Mellon Univer-

sity [5] employs magnetic storage media much like those used by disk drives.

Data is read/written using MEMS probe tips. The media surface moves linearly

in the X and Y directions to seek appropriate data.

MEMS-based storage is a whole new storage technology promising low en-

try cost, access time, volume, mass, power dissipation, failure rate, and shock

sensitivity [5]. Moreover, these devices can integrate computation with storage

and thus create complete system-on-chip solutions.

2.2.3 Archival Storage

Tape

Tape was introduced by IBM 50 years ago and stored 1.4 MB of data at that

time. Today’s high-end tapes store 1 GB of data. Although hard disk prices
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have dropped and capacities increased in recent years to make them compete

with tapes for long-term storage, hard disks do not match the portability and

shelf-life of disk drives.

Recent price decreases and capacity increases in disk drives have made them

competitive with tape for long-term storage. However, hard disks do not match

tape’s portability and shelf life.

Tapes are now being used widely for backup purposes over wide and local

area networks. Currently tapes are available as 50 GB cartridges and with 1GB

prototypes demonstrated by IBM. Although DVDs will remain competition for

low-end tape and archival media, the high-end applications will need tapes with

larger capacities and faster access speeds.

Optical Drives: CD and DVD

Optical drives are available in CD and DVD formats. CDs and DVDs are

used mostly for backing up data (archiving) or for distributing software. CDs

provide 700MB data capacity on inexpensive media and operated by inexpensive

drives. CDs are now available as read-only CDs, write-once CD-R, and the

newer rewritable CD-RWs.

DVD discs have the same physical dimensions as CDs and come in a range

of different physical formats with capacities from 4.7 GB to 17.1 GB. There are

numerous DVD formats, however, the three most popular are: DVD-5 (single

side, single layer), DVD-9 (single-side, dual layer) and DVD-10 (double side,

single layer).
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Chapter 3

Modeling Disk Drives and

MEMS storage

3.1 Disk Architecture

Before we get into the details of disk features that are of interest when

designing high performance systems, we provide a brief overview of the disk

architecture. The main components of a typical disk drive are:

• One or more disk platters rotating in lockstep fashion on a shared spindle,

• A set of read/write heads residing on a shared arm moved by an actuator,

• Disk logic, including the disk controller, and

• Cache/buffer memory with embedded replacement and scheduling algo-

rithms.

The data on the disk drive is logically organized into disk blocks (the mini-

mum unit of disk access). Typically, a block corresponds to one disk sector. The

set of sectors that are on the same magnetic surface and at the same distance

from the central spindle form a track. The set of tracks at the same distance
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from the spindle form a cylinder. Meta-data such as error detection and cor-

rection data are stored in between regular sectors. Sectors can be used to store

the data for a logical block, to reserve space for future bad sector re-mappings

(spare sectors), or to store disk meta-data. They can also be marked as “bad”

if they are located on the damaged magnetic surface.

The storage density (amount of data that can be stored per square inch) is

constant for the magnetic surfaces (media) used in disks today. Since the outer

tracks are longer, they can store more data than the inner ones. Hence, modern

disks do not have a constant number of sectors per track. Disks divide cylinders

into multiple disk zones, each zone having a constant number of sectors per

track.

The rotational speed of the disk is constant (with small random variations).

Since the track size varies from zone to zone, each disk zone has a different raw

bandwidth (data transfer rate from the disk magnetic media to the internal disk

logic). The outer zones have a significantly larger raw disk bandwidth than the

inner ones.

When the disk head switches from one track to the next, some time is spent

in positioning the disk head to the center of the next track. If the two adjacent

tracks are on the same cylinder, this time is referred to as the track switch

time. If the tracks are on different cylinders, then it is referred to as cylinder

switch time. In order to optimize the disk for sequential access, disk sectors are

organized so that the starting sectors on two adjacent tracks are skewed. This

skew compensates for the track or cylinder switch time. It is referred to as track

skew and cylinder skew for track and cylinder switches respectively.

The seek time is the time that the disk arm needs in order to move from

its current position to the destination cylinder. In the first stage of the seek

operation, the arm accelerates at a constant rate. This is followed by a period

of constant maximum velocity. In the next stage, the arm slows down with

constant deceleration. The final stage of the seek is the settle time, which is
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needed to position the disk head exactly at the center of the destination track.

Since the disk seek mainly depends on the characteristics of the disk arm and its

actuator, the seek time curve does not depend on the starting and destination

cylinders. It depends only on the seek distance (in cylinders).

The disk magnetic surfaces contain defects because the process of making

perfect surfaces would be too expensive. Hence, disk low-level format marks

bad sectors and skips them during logical block numbering. Additionally, some

disk sectors are reserved as spare, to enable the disk to re-map bad sectors that

occur during its lifetime. The algorithm for spare sector allocation differs from

disk to disk. In order to accurately model the disk for intelligent data place-

ment, scheduling, or even simple seek curve extraction, a system needs detailed

mapping between the physical sectors and the logical blocks. In addition to

mapping, a system must be able to query the disk about re-mapped blocks.

Re-mapping occurs when a disk detects a new bad sector.

The disk cache is divided into a number of cache segments. Each cache

segment can either be allocated to a single sequential access stream or can

be further split into blocks for independent allocation. The cache parameters

of interest are the segment size, the number of cache segments, the segment

replacement policy, prefetching algorithms, and the write buffer organization.

Prefetching is used to improve the performance of sequential reads. The write

buffer is used to delay the actual writing of data to the disk media and enable

the disk to re-schedule writes to optimize its throughput.

3.2 Disk Modeling

In this section, we present methods for extracting certain disk features using

Diskbench [21], a disk profiling tool. Diskbench uses a combination of inter-

rogative and empirical methods. Interrogative methods use interrogative SCSI

commands to inquire the disk about its features. Empirical methods measure
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completion times for various disk access patterns, and extract disk features

based on timing measurements.

In some of our extraction methods we assume the ability to force access to

the disk media for read or write requests. Most modern disks allow turning off

the write buffer. In the case of SCSI disks, this can be done by turning off the

disk buffers, or by setting the “force media access bit” in a SCSI command.

3.2.1 Rotational Time

Since modern disks have a constant rotational speed, if the interrogative

SCSI command for obtaining rotational period (Trot) is supported by the disk,

it will return the correct value. In the absence of the interrogative command, we

can also use the following empirical method to obtain Trot: First, we ensure that

read (or write) commands access the disk media. Next, we perform n successive

disk accesses to the same block, and measure the access completion times. The

absolute completion time for each disk access is

Ti = Tend reading + Ttransfer + TOS delayi
. (3.1)

Tend reading is the absolute time immediately after the disk reads the block from

the disk media. Ttransfer is the transfer time needed to transfer data over the

IO bus. TOS delayi
is the time between the moment when the OS receives data

over the IO bus, and the moment when the data is transfered to the user level

Diskbench process. Since the disk need to wait for one full disk rotation for

each successive disk block access, we can write the following equations:

Ti+1 − Ti = Trot + (TOS delayi+1
− TOS delay i); (3.2)

Tn+1 − T1 = n× Trot + (TOS delayn+1 − TOS delay1). (3.3)

The rotational period for current disks is much greater than OS delays and

other IO overheads (not including the seek and rotational times). Thus, we can
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measure the rotational period as

Trot measured = Trot +
∆TOS delayn+1,1

n
=

Tn+1 − T1

n
. (3.4)

For large n, the error term (
∆TOS delayn+1,1

n
) is negligible.

3.2.2 OS Delay Variations

In order to estimate variations in operating system delay for IO requests, we

use the following method. First, we turn off all disk caching and disk buffering.

Then, we read the same block on disk in successive disk rotations, as in the

empirical method for extracting Trot. We measure completion times for each

read request. For current disks, variations in the rotational period Trot are

negligible. Because of this, variations in Ti − Ti−1 from Equation 3.2 give us

the distribution of ∆TOS delayi,i−1
= TOS delayi

− TOS delayi−1
. Thus, by measuring

variations in Ti+1 − Ti from Equation 3.2, we can estimate variations in the

operating system delay.

3.2.3 Mapping from Logical to Physical Block Address

Most current SCSI disks implement SCSI commands for address translation

(Send/Receive Diagnostic Command [72]) which can be used to extract disk

mapping. However, in the case of older SCSI disks, or for disks where address

translation commands are not supported (e.g. ATA disks), empirical methods

are necessary.

Interrogative Mapping

Using the interrogative method, a single address translation typically re-

quires less than one millisecond. But, since the number of logical blocks is

large, it is inefficient to map each logical block. Fortunately, modern disks are
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optimized for sequential access of logical blocks. Additionally, most disks use

the skipping method to skip bad sectors (instead of re-mapping them) during

the low-level format. Due to this, logical blocks on a track are generally placed

sequentially. Thus, we can extract highly accurate mapping information by

translating just one address per track, except when we detect anomalies (tracks

with bad blocks).

Empirical Mapping

Empirical methods for the extraction of mapping information are needed

for disks that do not support address translation. The empirical extraction

method used in Diskbench follows. In the first step, we measure the time delay

in reading a pair of blocks from the disk. We repeat this measurement for a

number of block pairs, always keeping the position fixed for the first block in the

pair. In successive experiments, we linearly increase the position of the second

block in a pair. Using this method, our tool extracts accurate positions of track

and cylinder boundaries.

Disk Zones

Using the extracted disk mapping, Diskbench implements methods for the

extraction of zoning information, including precise zone boundaries, the track

and cylinder skew factors for each zone, the track size in logical blocks, and

the sequential throughput of each zone. The algorithm used to extract zoning

information scans the cylinders from the logical beginning to the logical end

based on the disk mapping table. Due to the presence of bad and spare sectors,

some tracks in a zone may have a smaller number of blocks than the others.

Since we store only the track size (in logical blocks) for each track, we may detect

a new zone incorrectly. In order to minimize the number of false positives, we

use the following heuristics. First, we ignore cylinders with a large number of
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spare sectors. Second, during the cylinder scan, we detect a new zone only if

the maximum track size in the current cylinder differs from the track size of the

current zone by more than two blocks. Third, we detect a new zone only when

the size of the new zone (in cylinders) is above a specific threshold.

Zone Cylinders Tsize R Rmax γ(1) H

1 0-847 254 18.56 21.77 1104 883
2 848-1644 245 18.02 21.00 1108 885
3 1645-2393 238 17.49 20.40 1108 876
4 2394-3097 227 16.70 19.46 1115 890
5 3098-3758 217 15.99 18.60 1115 890
6 3759-4380 209 15.70 17.92 1105 884
7 4381-4965 201 14.83 17.23 1099 875
8 4966-5515 189 13.98 16.20 1124 901
9 5516-6031 181 13.39 15.51 1124 903

10 6032-6517 174 12.89 14.92 1109 886
11 6518-6960 167 12.38 14.32 1119 887

Table 3.1: Seagate ST39102LW disk zone features.

3.2.4 Seek Curves

Seek time is the time that the disk head requires to move from the current to

the destination cylinder. We implement two methods for seek curve extraction.

The first method uses the SCSI seek command to move (seek) to a destination

cylinder. The second one measures the minimum time delay between reading a

single block on the source cylinder and reading a single block on the destination

cylinder to obtain the seek time. In order to find the minimum time, we can

measure the time between reading a fixed block on the source cylinder, and

reading all blocks on one track in the destination cylinder. The seek time is the

minimum of the measured times. Since LBAs increase linearly on a track, we

also implement an efficient binary-search method in order to find the minimum
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access time or seek time. Tseek(x, y) returns seek time (in µs) between logical

blocks x and y. This function is symmetrical, i.e., Tseek(x, y) = Tseek(y, x). This

seek time also includes the disk head settling time.

3.2.5 Predicting Rotational Delay

In order to optimize disk scheduling, the OS may use both seek and rota-

tional delay characteristics of a disk [37, 93, 46, 51]. We can predict rotational

distance between two LBAs using the following:

• mapping information extracted in Section 3.2.3, and

• skew factors for the beginning of each track, relative to a chosen rotational

reference point.

We choose the disk block with LBA zero as the reference point. Let ci be the

track’s cylinder number, tj the track’s position in a cylinder, and tracksize(ci, tj)

the track’s size in logical blocks. Let LBAstart(ci, tj) be the track’s starting

logical block number, and T(LBA) the time after access to a specific LBA is

completed. The skew factor of a track is defined as

sci,tj = [T (LBAstart(ci, tj))− T (LBA0)] mod Trot. (3.5)

If the number of spare and bad sectors is small, we can accurately predict the

rotational distance (Trot del(y, x)) between two LBAs (x and y) [21]. Using the

seek time Tseek(y, x) defined in Section 3.2.4 and the rotational delay prediction,

we can predict the access time to a disk block y after access to a block x, Ta(y, x)

as

Ta(y, x) = Trot del(y, x) + Trot ×
⌈Tseek(y, x)− Trot del(y, x)

Trot

⌉
. (3.6)

Apart from these parameters, we also extract read cache and write buffer

parameters, like the size of cache segment and number of read cache and write

buffer segments.
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3.3 MEMS-based Storage

Although disk drives have managed to survive as the most cost-effective

medium for storing large amounts of data, new storage technologies are appear-

ing on the horizon. Among new storage technology, MEMS-based storage is one

of the most promising. MicroElectroMechanical Systems (MEMS)-based stor-

age devices are very small scale mechanical structures formed by the integration

of sensors, actuators, and electronics [88, 31]. These are created using photo-

lithographic processes similar to semiconductor devices. These devices can be

made to slide, bend and deflect in response to electrostatic or electromagnetic

forces from actuators or from external forces in the environment. Practical

MEMS-based storage devices are being developed in several research labs in-

cluding IBM Zurich Research Laboratory [88], Carnegie Mellon University [5],

and Hewlett-Packard Laboratories [34].

Researchers at the Carnegie Mellon University have proposed one possible

architecture for a MEMS-based storage device [31, 71] depicted in Figure 3.1.

They propose MEMS devices which would be fabricated on-chip, but would use

a spring-mounted magnetic media sled as a storage medium. The media sled

is placed above a two-dimensional array of micro-electro-mechanical read/write

heads (tips). Actuators move the media sled above the array of fixed tips along

both the X and Y dimensions. Moving along the Y dimension at a constant

velocity enables the tips to concurrently access data stored on the media sled.

Using a large number of tips (of the order of thousands) concurrently, such

a device can deliver high data throughput. The light-weight media sled of the

MEMS device can be moved and positioned much faster than bulkier disk servo-

mechanisms, thus cutting down access times by an order of magnitude.

Table 3.2 summarizes important characteristics of different storage media

for the year 2002 and the predicted values for the year 2007. The MEMS device

projections are borrowed from [71]; the disk drive projections are based on [83];
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Figure 3.1: MEMS-based storage architecture.

Year DRAM MEMS Disk
Capacity [GB] 0.5 n/a 100
Access time [ms] 0.05 n/a 1− 11

2002 Bandwidth [MB/s] 2, 000 n/a 30− 55
Cost/GB $200 n/a $2
Cost/device $50- $200 n/a $100- $300
Capacity [GB] 5 10 1, 000
Access time [ms] 0.03 0.4− 1 0.75− 7

2007 Bandwidth [MB/s] 10, 000 320 170− 300
Cost/GB $20 $1 $0.2
Cost/device $50- $200 $10 $100- $300

Table 3.2: Storage media characteristics.

and DRAM predictions are based on [59].

Typically, most storage media are optimized for sequential access. For in-

stance, the maximum DRAM throughput is achieved when data is accessed in

sequential chunks, about the size of the largest cache block. These are typically

tens to hundreds of bytes. However, both magnetic disks and MEMS-based

storage devices (MEMS) have much longer access times than DRAM. These de-

vices have to be accessed in much larger chunks to mask the access overheads,

the MEMS device being the faster of the two by an order of magnitude. Fig-

ure 3.2 shows the effective throughput of the disk drive and the MEMS device

depending on the average IO sizes on these devices. In Figure 3.2 we use the
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maximum access times for servicing MEMS IO requests, and the average access

times for disk IO requests.

0

50

100

150

200

250

300

350

0 2000 4000 6000 8000 10000

D
ev

ic
e 

th
ro

ug
hp

ut
 (

M
B

/s
)

Average IO size (kB)

MEMS (max. latency)
Disk (avg. latency)

Figure 3.2: Effective device throughputs.
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Chapter 4

Quality of Service: Disk Drives

Due to the proliferation of video content, it has become increasingly impor-

tant to manage video data effectively to facilitate efficient retrieval. On-demand

interactive video streaming for education or entertainment over the Internet or

broadband networks is becoming popular[8, 38, 89, 44]. In true video-on-demand

(VoD), a video server allocates a dedicated stream to each user so that the user

can freely interact with the video by means of VCR controls (such as pause,

fast-forward, and instant replay). But such a system becomes expensive in

both network and server bandwidth when tens of thousands of concurrent users

have to be accommodated. A more scalable solution is to serve multiple requests

for the same video with a single broadcast or a few multicast streams [3, 6, 36].

In this chapter, we present three prototype systems that we have built, the

Interactive Media Proxy (IMP, for short), the XTREAM real-time streaming

system, and SFinX, a next-generation video-surveillance system. These systems

provide methods for data placement, IO scheduling, and admission control for

multimedia data. Both these systems are based on accurate modeling and pro-

filing of low-level disk drive features.
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4.1 The IMP System

By the nature of broadcast and multicast, end users cannot interact with

a TV program or a video using VCR-like controls. We propose an Interactive

Media Proxy (IMP) server architecture which acts as a dual client/server system

to enable interactivity. As a client of broadcasters (or multicasters), the proxy

reduces network traffic to support interactivity. Additionally, it functions as a

server by managing streams to enable interactivity for a large number of end

users. With interactive capability, students in a virtual classroom or at a library

can watch a live lecture at their own pace. A hotel can turn televised programs

or movies into interactive ones in its guest rooms. A cable service provider

can provide interactive video services to thousands of subscribers. We believe

that a proxy architecture is attractive because it not only solves the scalability

problem of the traditional server-based VoD model, but also provides a cost-

effective solution to user interactivity.

With precise disk information extracted from the disk, data can be placed

intelligently, and IO can be scheduled efficiently for improving disk throughput.

We now describe how IMP, an Interactive Media Proxy server, takes advan-

tage of an accurate disk profile to perform fine-grained device management for

improving system performance. The design of IMP consists of three comple-

mentary device management strategies: high-level data organization, low-level

disk placement, and IO scheduling. These components of IMP work together

to improve disk throughput by minimizing both intra-stream and inter-stream

seek delay, and by improving the effective data transfer rate.

In this section, we describe each component of IMP in detail. First, we de-

scribe the adaptive tree scheme, a high-level data organization scheme for reduc-

ing intra-stream disk latency and supporting interactive operations efficiently.

This organization scheme forms the basis of our low-level disk placement pol-

icy. Next, we present zoning placement and cylinder placement, which are two
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complementary low-level disk placement strategies for placing stream data on

disk. These schemes improve effective data transfer rate and reduce the inter-

stream disk latency. Finally, we present step-sweep, an IO scheduling policy,

which takes advantage of the above two components and improves the overall

disk throughput.

4.1.1 High-level Data Organization

Without loss of generality, we can assume that an MPEG stream1 consists

of m frame-sequences; each sequence has δ frames on average, led by an I frame

and followed by a number of P and B frames.

To support a K-times speed-up fast-scan, the system displays one out of

every K frames. Allowing K to be any positive integer, however, can result

in the system requiring high IO and network bandwidth, as well as incurring

significant memory and CPU overhead. This is because a frame that is to be

displayed (e.g., a B frame) may depend on other frames that are to be skipped

(e.g., an I and a P frame). The client/server dual system ends up having to

read, stage (in main memory), and transmit to a client many more frames than

the client displays causing poor IO resolution. (IO resolution is the ratio of

the useful data read to the total data read from the hard disk.) We intend

to remedy this poor IO resolution problem with a high-level data organization

scheme, the adaptive tree scheme.

To avoid processing the frames that are to be skipped, we do not include

any B frames in a fast-scan, and the playback system displays a P frame only

if the corresponding I frame is also included in the fast-scan. This restriction

will not allow a user to request a fast-scan of any speed-up. Since VCR or

DVD players support only three to five fast-scan speeds, we support only a few

1The Advanced Television System Committee (ATSC) has adopted MPEG2 as the encod-
ing standard of DTV and HDTV.
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selected speeds of fast-scans.

Figure 4.1: The Truncated Binary Tree (TBT) formation.

We now describe the adaptive tree data organization scheme in detail. In

the adaptive tree approach for high-level MPEG data organization, we use a

basic truncated binary tree structure to store MPEG frames. To provide good

IO resolution for all playback speeds, we organize MPEG frames in a truncated

binary tree structure, as shown in Figure 4.1. The levels (Li) of the adaptive

tree can be described as follows:

• Level 1 (the leaf level). The original MPEG stream.

• Level 2. All I and P frames stored in their playback sequence.

• Level 3 to (κ+2). Containing only sampled I-frames. κ is the number of sub-

streams containing only I-frames. The higher the level, the lower the sampling

rate.

Each level of the tree forms a sub-stream of the original video stream and is

stored as a sequential file on the disk. The placement of the different tree levels

on the disk will be addressed in the low-level placement (Section 4.1.2). To

service a request, only one level of the tree is read from the disk with good IO

resolution.

Let Si denote the set of frames that belong to the ith level. An example of

a five-level organization is:

S1 = {I1, B1, B2, P1, B3, B4, P2, B5, B6, I2 · · · }
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S2 = {I1, P1, P2, I2, P3, P4, I3 · · · }
S3 = {I1, I2, I3, I4 · · · }
S4 = {I3, I6, I9, I12 · · · }
S5 = {I6, I12, I18, I24 · · · }

When a nine-times fast-scan is requested, we can read in S3 to achieve perfect

resolution. (We assume that an I-frame leads a nine-frame sequence.) When a

54-times fast-scan is requested, we read in S5 to achieve perfect IO resolution.

This adaptive tree approach trades storage space for IO efficiency. The

precise trade-off can be controlled by fine-tuning the following two parame-

ters:

•Height (h). The height parameter describes the number of levels (or files) in

which the data is organized. Height is a static parameter and it controls the

number of fast-scan streams supported. It can be expressed as: h = κ + 2.

•Density (η). Density is a tunable system parameter whose value can range

from zero to one. A smaller η value eliminates some tree levels and decreases

the tree density. For example, at η = 1/3, only one out of every three levels

of the tree (from the leaf level up) are retained. The higher the density, the

higher the IO resolution (favorable) and storage cost (not favorable).

Another factor that affects the disk bandwidth requirement of a fast-scan

request is the playback frame rate. A typical DVD player plays a fast-scan

stream at 3 to 8 fps (frames per second), instead of 24 to 30 fps, the regular

playback speed. A fast-scan stream needs to be displayed at a lower rate so

that the viewer can comprehend the content and react in time. Due to its high

IO resolution and lesser frame rate, a fast-scan stream under the adaptive tree

scheme typically requires lesser disk bandwidth than that of a regular playback

stream.
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4.1.2 Low-level Disk Placement

Now, we describe how we physically place each stream Si on disk. Here,

our goals are to maximize the effective data transfer rate and minimize disk

latency. Our low-level data placement scheme achieves these goals by employing

two independent solutions. We utilize zoning information to perform zoning

placement to achieve higher transfer rates, and we perform cylinder placement

in order to minimize disk latency.

Zoning Placement

In the previous section, we described the adaptive tree scheme for MPEG

data organization, which splits a stream into high and low bandwidth sub-

streams. Higher bandwidth streams require higher data transfer rates to reduce

overall data transfer time. From our experiments in disk feature extraction,

we realize that inter-zone bandwidth variations can be as great as 50% (see

Table 3.1). Zoning placement performs bit-rate matching of streams to zones.

In order to map streams to disk zones, we first create a set of logical disk

zones, Zl, from the physical zones of the disk. Let these logical zones be num-

bered from 1 to |Zl|, from the outermost zone to the innermost. We map the

physical zones of the disk to one of the (|Zl| = dh · ηe) logical zones, where

the η and h are the density and height parameters of the adaptive tree. Each

sub-stream is mapped to one of these logical zones in which it is stored.

First, we assume that all streams (and sub-streams) have equal popularity

to be accessed. (We will relax this assumption shortly.) Using adaptive tree

levels, we divide each video stream into |Zl| sub-streams of differing bit-rates as

described earlier. We group the similar bit-rate sub-streams from different video

streams and place them in the same stream group Si to obtain S1, S2, · · ·S|Zl|

such stream groups. Then the objective function to place each stream group Si
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in a unique logical zone Zj, can be written as:

O = min

|Zl|∑
i=1

B̄i

Rj

, (4.1)

where B̄i denotes the common display rate of all sub-streams grouped in set Si,

and Rj denotes the transfer rate of zone Zj in which the sub-stream group Si

is placed. However, since all streams do not enjoy the same popularity at all

times, is this the best objective function for optimal placement?

If we can predict the future with high accuracy, we can possibly rewrite the

objective function as:

O = min

|Zl|∑
i=1

B̄i

Rj

P (i), (4.2)

where P (i) denotes the access probability of the ith sub-stream set. Unfortu-

nately, predicting P (i) is difficult. For instance, a sports highlight enjoys only

a burst of interest.

However, if we look at the problem from a different perspective, zoning

placement can provide a bound for the worst-case IO cycle time. A lower worst-

case bound is useful because it conserves memory space for staging the streams.

[Lemma 4.1.1] (Zoning Placement)

Using i = j in objective function (4.1) to place streams achieves the lowest

worst-case bound for the total IO time for servicing any N requests.

The formal proof appears in [61]. Here, we illustrate the idea using an

example.

[Example 4.1.2] (Zoning Placement)

Suppose an MPEG file is organized into three sub-streams, and their bit-

rates are:

• S1 (regular speed stream): 6 Mbps.

• S2 (10 times fast-scan stream): 4 Mbps.

• S3 (30 times fast-scan stream): 3 Mbps.
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Suppose a disk has three zones (Z1, Z2, and Z3), and their transfer rates are

150, 100, and 75 Mbps, respectively. Suppose each zone can store only one

stream, and the system services three requests in one IO cycle. Placing S1 in

Z1, S2 in Z2, and S3 in Z3 gives the system the lowest worst-case data transfer

time. To sustain one second of playback for each stream, the total worst-case

data transfer time is 3× (6/150) = 120 ms. It is easy to see that if we place S1

in either Z2 or Z3, the total worst-case data transfer time increases.

Although we introduce zoning in the context of storing MPEG video data,

we can see that the above principles can be applied to general purpose multi-

media file servers that support multiple data types such as images, audio, and

video as well as traditional non real-time data. For instance, a text file can be

stored in a low bandwidth disk zone, a 256 Kbps mp3 file can be stored in a

medium bandwidth zone, and a 19.2 Mbps HDTV stream can be stored in the

high bandwidth zone to maximize disk throughput.

Cylinder Placement

IMP is characterized by Nw broadcast streams which need to be stored on

disk and Nr interactive user streams. Careful stream placement on disk tracks

can minimize seek and rotational overheads. Using zoning placement, we com-

bine similar bit-rate streams in the same logical zone. Cylinder placement de-

scribes how to place data for different streams which share a zone.

In the IMP system, write streams are deterministic in terms of start time,

duration, and average data-rate. Read streams depend on user interactions and

are inherently non-deterministic and unpredictable. The key idea of the cylin-

der placement strategy is to exploit the deterministic nature of write streams

and use a best-effort approach for reads. For each stream, we allocate a group

of adjacent cylinders of size c on the disk. Each consecutive write stream is

allocated the next c cylinders on disk adjacent to the c allocated cylinders for
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the previous stream. When any write stream uses up its allocated c cylinders, a

new set of c·Nw free cylinders within the same zone and adjacent to the previous

cylinder set is allocated. The write streams are stored in the newly allocated

cylinders starting from the next IO cycle. Cylinder placement maintains the

same relative cylinder distance between the stream pairs so that the schedul-

ing order can be preserved across IO cycles. This minimizes IO variability.

Minimizing IO variability is crucial for minimizing memory requirements [8].

Cylinder placement might lead to some fragmentation of disk space. However,

we observe that for high bandwidth applications, the disk is bandwidth-bound

rather than storage-bound. Hence some storage can be sacrificed for the sake of

improving disk throughput. Placing write streams in adjacent cylinder groups

has the following advantages:

1. The seek overhead for switching from one write stream to the next write

stream requires the disk to seek c cylinders, typically a number less than 50.

From our experiments in calculating disk seek time, we note that this overhead

is almost equal to the minimum seek time for a single cylinder.

2. The strategy of reserving cylinder groups for individual streams greatly

reduces the probability that a single read operation may be non-sequential.

4.1.3 IO Scheduling

For a system to perform optimally under a given disk placement scheme,

a closely coupled scheduling algorithm should be in place. Our IO scheduling

algorithm, step-sweep, is designed to work with the other two components of

IMP.
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Figure 4.2: Step-sweep IO scheduling.

Procedure: Step-sweep

• Variables:

i : Logical zone variable

Zl : Set of logical disk zones

• Execution:

1. Initialize i = 1

2. Service write requests in zone Zi by sweeping in

the direction toward the center of the disk.

3. Service read requests in zone Zi. These read

requests are serviced in a predetermined order

to reduce IO variability.

4. Set i = (i + 1) % |Zl|
5. Go to step 2

Given a constant amount of memory and disk bandwidth, step-sweep is designed

to: 1) maximize throughput, and 2) minimize response time. The step-sweep

algorithm operates as shown in Figure 4.2. The disk-arm services IO requests
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zone by zone, starting from the outermost zone. In each zone, it first services

the write requests by sweeping in the direction toward the center of the disk.

Read requests in the zone are then scheduled in a pre-determined order which

does not vary from one IO cycle to the next. The largest seek overhead in

the case of read requests is restricted to the size (in tracks) of a single zone.

The disk arm then moves to the adjacent inner zone and repeats this sequence.

When the disk arm has serviced all the requests in the innermost zone, it gets

re-positioned to the outermost zone of the disk. This completes one cycle of IO

requests. This cycle is repeated over and over again. A formal algorithm for

the step-sweep scheduling policy is given below.

The design of step-sweep is based on the following considerations. First, we

know that the write streams are deterministic in nature. The system has control

on where it can place the write streams on disk. Using Cylinder Placement, the

seek overheads for write streams can be minimized without suffering from IO

variability at the expense of some fragmentation of disk space. Thus, step-

sweep schedules write streams optimally. Read streams, on the other hand, are

unpredictable. Using simple sweep scheduling for read streams might result in

large IO variability. Using step-sweep, the service order for read streams in a

zone is pre-determined to minimize IO variability [8, 98]. Step-sweep achieves

its design objectives in the following manner:

1. To maximize throughput, we need to minimize the IO cycle time as well as

the memory use per stream. We define IO cycle time as the time required to

complete a single round of IO for each stream serviced by the system. Reducing

IO cycle time allows the system to service more users in a given period of

time. Step-sweep reduces IO cycle time by minimizing seek overhead. When

seek overhead is reduced, the system needs to pre-fetch less data to fulfill

the real-time playback requirement for each stream, and this reduces data

transfer time. Step-sweep minimizes memory use per stream by minimizing

IO variability.
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2. To minimize response time, we use a reservation time-slot, Ts, within each

IO cycle time T . We use this reservation slot to schedule “unexpected” new

requests with minimum delay. These unexpected requests might also include

requests for non-real-time data. Each new request can be serviced as soon

as the current non-preemptible IO operation is finished. Thus the reservation

time slot Ts can be used up in small chunks throughout the IO time cycle.

4.1.4 Quantitative Analysis

In this section, we present results obtained from our quantitative analysis.

Our quantitative model is developed assuming cylinder placement and step-

sweep IO scheduling. In Table 4.1, we enumerate disk parameters along with

other parameters of the system.

Let the IO cycle time be denoted by T . This is the time required to complete

a single round of IO for each stream serviced by the system. This IO cycle is

repeated over and over again in the system. Let the disk support Nw broadcast

channels, which perform simultaneous writes, and Nr time-shift streams, which

perform reads. Suppose a fraction f of the time-shift streams are fast-scans and

the ratio of write to read requests is ρ. Let C be the maximum throughput of

the disk. Also, let Ts denote the worst case reservation slot time

If TZi
is the total time required to service all requests in zone i, and Ts is

the reservation time slot, we can express T , the cycle time, as:

T =

p∑
i=1

TZi
+ Ts (4.3)

where, p = |Zl| is the number of logical zones used. In each zone, the scheduler

first schedules the write requests, then the read requests. The disk arm is then

moved to the beginning of the next zone by seeking to it. If the worst-case zone

seek requires Tzone time, then:

TZi
= TWi

+ TRi
+ Tzone (4.4)
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Parameter Description
Nw Number of broadcast channels (write streams)
Nr Number of interactive requests (read streams)
ρ Write-read ratio
f Fraction of interactive streams (i.e., fast-scans)
R Minimum disk data-transfer rate

γ(d) Worst-case latency function to seek d cylinders
H Head-switch time
B̄ Average display rate of MPEG stream

B̄f Average display rate of a fast-scan stream
C Throughput of the disk (number of requests serviced)
T IO cycle time
Ts Reservation time-slot
M Available system memory
Zl Logical zone set

α , β Adaptive tree parameters
κ Number of exclusive I-frame sub-streams
h Height of the adaptive tree
η Density of the adaptive tree
Φ IO resolution

Table 4.1: IMP system parameters.

Now, we proceed to quantify the write and read times in each logical zone.

In each logical zone, Zi, the disk performs Nw write requests. Thus, the time

required to complete write operations in zone Zi is:

TWi
= Nw ·

[
γ(dw) +

T ×B(x)

Ri

]
(4.5)

where dw is the average seek distance for write operations, Ri is the average

transfer rate of logical zone i. B(x) = B̄ for writing regular playback streams

and B(x) = B̄f for fast-scan streams. The total read time in the entire cycle is

given by:

p∑
i=1

TRi
= Nr ·

[
γ(dr) + T · ((1− f) · B̄

R1

+
f · B̄f

avgp
i=2(Ri)

)]
(4.6)
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Substituting equations 4.4, 4.5, and 4.6 in equation 4.3, we can obtain a closed

form solution for cycle time T .

To fulfill real-time data requirements, each stream, read or write, allocates

two buffers. The size of one buffer must be large enough to sustain the playback

before another buffer is replenished. The memory requirement for a fast-scan

stream is given by 2 · T · B̄f whereas that for write streams and regular-speed

read streams is given by 2 · T · B̄. The total memory usage cannot exceed the

available memory M . We can thus quantify the memory requirement as:

M ≥ 2 · T · B̄ ×
[
Nw + (1− f) ·Nr + f ·Nr · B̄f

B̄

]
(4.7)

Given M , B̄, B̄f , R, γ(d), f , Φ and the write-read request ratio, ρ, we can use

Equations 4.3 and 4.7 to estimate the throughput of the disk.

4.1.5 IMP System Evaluation

In this section, we evaluate the performance of the IMP system. First, we de-

fine the performance metric. Given a system with fixed resources, we would like

to maximize the number of video streams that can be supported simultaneously.

Hence we measure the system performance in terms of the number of streams

supported by the disk. We refer to this performance metric as disk throughput.

We performed the following experiments to evaluate the disk throughput.

System Configuration Evaluation. We performed a case study on three

sample configurations of the adaptive tree data organization scheme (Sec-

tion 4.1). We studied the effect of the following three system parameters

on the throughput (N):

•Available system memory (M),

•Write-read ratio (ρ), and

• Fraction of interactive streams (f).
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Keeping two of the above parameters fixed, we examined the effect of changing

the third.

Data Management Strategy Evaluation. We examined the individual as

well cumulative effect of the following fine-grained device management strate-

gies on the throughput (N):

• Zoning placement,

• Cylinder placement, and

• Step-sweep IO scheduling.

For experimental evaluation of the IMP system, we used disk trace support

provided by our Diskbench tool [21]. Diskbench supports the execution of disk

traces using primitive disk commands like seek, write, and read. It also pro-

vides for accurate timing measurement. Using Diskbench, we performed trace

executions on the Seagate ST39102LW disk presented in Table 3.1. In some

cases, where trace executions were not possible, we evaluate the system using

analytical estimation.

System Configuration Evaluation

In this section, we report a case study of three sample configurations of the

adaptive tree data-organization scheme (Section 4.1), each of which is designed

to optimize on a subset of the design parameters so as to perform optimally for

a specific class of target applications, introduced in Section 4.1.

1. Truncated Binary Tree or TBT (η = 1). This is the normal configuration

in which all levels of the truncated binary tree are stored. The advantage of

this scheme is that we have prepared streams for supporting each fast-scan

speed and hence can achieve 100% IO resolution and minimum disk latency

at the same time. However, due to replication of data, storage cost increases.

A local-area interactive service supporting a large number of clients could use
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this configuration.

2. Partial TBT or PTBT (η = 0.5). In the PTBT configuration, the tree

is partially dense. With η = 0.5, we store only alternate levels of the tree.

Thus, in this configuration, there are prepared streams only for some of the

fast-scan speeds. A fast-scan stream that is not directly accessible is created

by selectively sampling the frames in another fast-scan stream, which serves a

lower speed. Such streams suffer from a degraded IO resolution. The number

of files to be written into (i.e., the number of seeks by the disk-arm) for each

stream is dη · he. This scheme serves as a middle-ground between the SEQ

and TBT configurations and could be used by @HOME type applications.

3. Sequential or SEQ (η = 1
h
). In the sequential configuration, only one out

of h levels is stored to obtain a tree with density 1
h
. The sequential configu-

ration stores only Level 1 of the tree. Higher levels of the tree are simply not

stored. The goal of this scheme is to reduce seek overhead for writes, thus

conserving memory use in write-intensive applications. However, this scheme

suffers from very poor IO resolution for fast-scans. This scheme would be

practical for a video surveillance type application.

Thus, each scheme aims to optimize a different subset of the design pa-

rameters. In Tables 4.2 and 4.3, we summarize each configuration’s pros (with

positive signs) and cons (with negative signs). IOR represents the IO resolution.

Scheme Seek Overhead IOR Storage
Sequential ++ – – N/A
TBT ++ ++ N/A
PTBT ++ + N/A

Table 4.2: Scheme summary for Read operations.

Available System Memory

In this section, we compare the memory requirement for each of the three sample
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Scheme Seek Overhead IOR Storage
Sequential ++ N/A ++
TBT – – N/A – –
PTBT – N/A –

Table 4.3: Scheme Summary for Write operations.

configurations of the adaptive tree data-organization scheme using disk traces.

These disk traces were generated so as to mimic the IO load of a media server.

The trace executions were performed using the data management strategies of

the IMP system.

Assuming a given amount of main memory, first we calculated the maximum

IO cycle time expendable to support N users. Next, we obtained the actual IO

cycle time from disk runs. If the disk runs were shorter than the analytically

computed IO time cycle, we could conclude that the disk can support N users.

If not, we would repeat the above experiment with (N−1) users. We continued

this iterative process till we obtain a feasible N , so that all the user streams

are hiccup-free. We repeat the same experiment by assuming different memory

sizes. For the following traces conducted using the Diskbench tool, we assumed

that the fraction of user requests that are for fast-scan streams is 0.2. We

assumed that the peak data consumption and input rates are 6.4 Mbps (the

Standard DTV broadcast rate). Further, we assumed that the frame-rate for

fast-scans was 5 fps (please refer to Section 4.1 for why we chose a lower frame-

rate for fast-scan streams). We will use the same numbers for all subsequent

experiments unless others are specified explicitly.

Figure 4.3(a), 4.3(b), and 4.3(c) present the disk throughput for the SEQ,

PTBT, and TBT configurations respectively against varying memory size (M)

and for different values of the write-read ratio (ρ = 0.25, 0.5, 1, 2, 4). We note

that for the SEQ scheme, we need as little as 32 MBytes of memory in order to

maximize disk throughput. For the PTBT and TBT schemes the corresponding
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(a) SEQ
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(b) PTBT
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(c) TBT

Figure 4.3: Disk throughput for adaptive tree configurations.

numbers are 128 MBytes and 64 MBytes respectively. Looking at these figures

from a different perspective, a mere 32 MBytes of main memory is sufficient

to drive the disk throughput to almost 90% of the maximum achievable value.

This is the case because for such an amount of memory, the system can buffer

enough data so that all disk accesses are in large chunks. When the disk is

accessed in large chunks, disk latency is much less in comparison to the time
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spent in data transfer. At this point, the bottleneck is the raw data transfer

rate of the hard drive, which can support only a fixed maximum number of high

bandwidth streams.

Write-Read Ratio

In this section, find out the variation in disk throughput under different write-

read ratios using disk traces. We also compare the IMP system against the

traditional UNIX-like file-system that tries to store file data sequentially on

disk and present the improvement in performance. Also, we present analytical

results for wider ranges of the write-read ratio.

(a) (b)

Figure 4.4: Throughput comparison for (a) Different configurations of the adap-
tive tree scheme, and (b) Improvement over traditional sequential placement of
data.

Figure 4.4(a) compares the relative performance of the IMP system in each

of the sample configurations: SEQ, PTBT, and TBT. Since the SEQ scheme is

optimized for a large number of writes, it achieves a high throughput for write-

intensive loads. PTBT performs optimally in mid-ranges and TBT performs

well for read-intensive loads. For different values of ρ, different configurations

achieve the highest throughput, thus defining a distinct ideal region.

Next, we compare performance improvement of the IMP system over the

traditional approach to storing and retrieving data. A traditional operating
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system like Unix is optimized for sequential access. However, for an interactive

video application, access to data is not always sequential. For instance, a fast-

scan stream needs to access only key frames from the entire file. In addition to

providing interactive capability, the IMP system provides “fine-grained” device

management strategies for adapting to changing request workload. Figure 4.4(b)

shows that for different workload configurations, IMP either outperforms or

equals the performance of a traditional file-system. Throughput gains can be

as much as 100% using IMP.
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Figure 4.5: Throughput for the three sample configurations.

Since trace driven executions restrict the available parameter space for the

write-read ratio, we perform further evaluation of the three sample configura-

tions by analytical estimation. We use parameters for the Seagate ST39102LW

disk, presented in Table 3.1, and seek-curves obtained using our disk profiler,

to perform our analysis. In Figure 4.5, the x-axis represents the write-read ra-

tio, and the y-axis shows the disk throughput achievable by the configurations.

We can see clearly that for different values of ρ, different configurations achieve

the highest throughput, thus defining a distinct ideal region. This means that

the density of the adaptive tree has to be configured dynamically for optimal

performance.
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Data Management Strategy Evaluation

In this section, we perform an evaluation of our three fine-grained data man-

agement strategies: zoning placement, cylinder placement, and step-sweep IO

scheduling. We compare the IMP system to a traditional UNIX-like file-system

that uses sweep scheduling. Most modern operating systems use sweep algo-

rithm for disk IO scheduling, in which the disk arm moves from the outermost

cylinder to the innermost, servicing requests along the way. Then, we add our

device management strategies, one at a time, to examine the marginal improve-

ment in throughput due to each strategy. Finally, we present the cumulative

effect of these disk management strategies, in increasing the throughput of the

system.

In order to make a fair comparison, we give the traditional system the benefit

of using the adaptive tree data organization scheme to achieve good IO reso-

lution. In addition, for each of the following evaluations, we assume that the

system is dynamically tuned to the “ideal” adaptive tree configuration under

changing write-read ratios. In essence we try to capture the effect of fine-grained

device management of the IMP system in the form of zoning placement, cylinder

placement, and step-sweep IO scheduling on throughput improvement.

Zoning placement

Figure 4.6(a) compares the throughput of the baseline sweep with sweep using

zoning placement. Zoning placement improves throughput for read-intensive

loads by as much as 65%. For write-intensive loads, our adaptive tree scheme

adopts the ideal sequential (SEQ) configuration and hence zoning has no effect.

Cylinder placement

Figure 4.6(b) compares the the throughput of the baseline sweep with and

without cylinder placement. Cylinder placement improves write performance

by reducing the seek overhead for write operations. It increases the throughput

by about 10% for write-intensive loads.
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(a) Zoning placement (b) Cylinder placement

(c) Step-sweep scheduling (d) Total improvement

Figure 4.6: Throughput improvement due to device management strategies.

Step-sweep IO scheduling

Next, we examine the marginal effect of step-sweep algorithm in comparison

with traditional sweep. Step-sweep increases throughput by decreasing memory

use. It reduces memory use by minimizing IO variability and seek overhead.

Figure 4.6(c) shows that without step-sweep scheduling, there is a 5 to 10%

degradation in throughput.

Cumulative Effect

Finally, Figure 4.6(d) shows the cumulative effect of our fine-grained device

management strategies. The IMP system offers a performance gain of as much

as 75% over traditional systems. This highlights the importance of performing

fine-grained storage management using the IMP system.

52



As regards response time, a detailed evaluation is beyond the scope of this

paper and will be left to future work. However, it is clear that in case of step-

sweep, which serves new requests immediately in a reservation time-slot, the

worst-case response time is bounded by the time required to complete the cur-

rent non-preemptible IO. This time is typically in the order of tens of millisec-

onds. Traditional IO schedulers like sweep as well as GSS [98], have worst-case

response times of the order of minutes under heavy load, and at least of the

order of seconds under average load conditions.

Observations

We conclude our evaluation section by making the following key observa-

tions:

• High-level data organization in the form of the adaptive tree scheme is cru-

cial to maintain disk throughput. The effect of the system configuration

on the performance of the IMP system is summarized as follows:

1. Increasing the system memory beyond a certain threshold does not

significantly increase system throughput. At this point, the disk through-

put becomes the bottleneck. Beyond this threshold, the disk throughput

can only be increased by increasing IO efficiency using the adaptive tree

scheme for data organization.

2. Using the adaptive tree MPEG data organization scheme, the IMP

system can optimize for read-intensive as well as write-intensive loads.

The achieved throughput is as much as 100% better than that of a tra-

ditional file-system for a large range of write-read ratios.

3. Each sample configuration [SEQ, PTBT, and TBT], of the adaptive

tree scheme operates efficiently for a unique sub-configuration defined

by the values of write-read ratio (ρ) and interactive stream fraction (f).
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• We evaluated the performance gain due to our data management strate-

gies: zoning placement, cylinder placement, and step-sweep IO scheduling.

In summary,

1. Zoning placement matches stream bit-rates to disk zone transfer rates

so as to maximize data throughput of the disk for serving continuous

media streams. It improves throughput by as much as 65%.

2. Cylinder placement improves write performance by reducing the seek

overhead for write IOs. It increases the throughput by about 10% for

write-intensive loads.

3. Step-sweep increases throughput by decreasing memory use. Through-

put gains range from 5 to 10%.

The cumulative effect of the above strategies makes it possible for the

IMP system to offer performance gains of as much as 75% over traditional

systems.

In this section, we present the design and implementation of XTREAM, a

real-time streaming storage system. Traditional file systems are optimized for

supporting good interactive performance and high IO throughput. Multime-

dia systems place additional real-time requirements on disk performance. In

these systems, data must be retrieved from disk and played back by a spe-

cific deadline, or else end users experience unacceptable video jitters or audio

pops. A multimedia user also expects fast access to content, which translates

to a low initial latency requirement for storage access. Thus, streaming mul-

timedia presents the often conflicting requirements of real-time delivery, high

throughput, and short initial latency. For example, reducing the size of disk

requests reduces the initial latency and the required memory buffer, but this

may degrade disk throughput. In this paper, we present the implementation

of XTREAM, a streaming multimedia system that can achieve the three per-

formance requirements—high throughput, low initial latency, and guaranteed
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IO—at the same time.

To guarantee high throughput, XTREAM uses an IO Scheduler module for

servicing disk IOs. To offer low initial latency, a Request Scheduler component

services new requests with high priority. To guarantee quality of service (QoS) to

multimedia streams, XTREAM employs an Admission Controller which ensures

that all IO requests can be completed in time and that the system is not under-

utilized. The design of XTREAM is based on accurate disk drive modeling,

using our disk profiling tool [21].

XTREAM runs in the user mode. It supports heterogeneous streaming me-

dia types (with different bit-rates) as well as non-real-time data retrieval. It

supports guaranteed-rate IO for both write (e.g., recording by a surveillance

camera) and read streams (e.g., mp3 or video playback). The XTREAM sched-

uler supports servicing non-real-time data like text or HTML while meeting all

real-time streaming requirements.

4.1.6 XTREAM Design

We now provide an overview of the design of the XTREAM system. The

XTREAM service model consists of one or more clients connecting to a server

to request multimedia data stored on the server’s disk drive. The client could be

desktop requesting a video-on-demand service, a surveillance camera recording

video, or simply a web-browser requesting HTML data. In this model, we

assume that no bottleneck exists in the interconnection network between server

and clients.

As shown in Figure 4.7, the XTREAM clients include a proxy component

which connects to the server on their behalf and also performs data buffering

to mask network bandwidth variations. The client is designed such that it can

operate with any encoder or decoder application that supports a UNIX pipe-like

interface.
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Figure 4.7: XTREAM system architecture.

The XTREAM server runs entirely in user space. Its two functions are

to decide if it can admit a new stream and to maintain the QoS for existing

streams. The three requirements of the XTREAM server—high throughput,

low initial latency, and guaranteed IO—are addressed by the three components

within XTREAM. The IO Scheduler uses the time cycle model [65] for servicing

disk IOs; the Request Handler preempts the IO scheduler for servicing new

requests promptly; the Admission Controller guarantees QoS for soft-real-time

streams while ensuring that non-real-time data retrievals are not starved. In

addition, XTREAM uses a Disk Profiler [21] to obtain a realistic model required

to predict disk performance and provide real-time streaming guarantees.

IO Scheduler

XTREAM adopts a single-thread IO paradigm wherein the IO scheduler per-

forms all disk IOs inside a single thread. It uses the time cycle model [65], which

divides time into basic units called time cycles (T ). In each cycle, XTREAM

services exactly one disk IO per stream. The size of the IO is chosen so that

the display buffer does not underflow before the next IO for the same stream is

performed. Unlike that in the original time cycle model, the scheduling order

for stream IOs may vary between cycles. Using a double buffer for each stream,

which can sustain playback for as much as two time cycles, makes the initial

latency bound independent of the number of streams being serviced and reduces
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it to the duration of a single disk IO (see Section 4.1.6). In contrast, the simple

multi-threaded approach services each stream using a dedicated thread. Four

advantages of the single-thread IO paradigm used in XTREAM are:

Deterministic execution: Since a single thread is performing all disk IOs,

the IO schedule is deterministic, which enables soft-real-time guarantees. In

the multi-threaded IO model, the OS scheduling determines the IO order, and

we cannot predict when any IO will be serviced.

Controlled IO variability: IO variability is defined as the fluctuations in time

between successive IOs for the same stream. Large IO variability requires more

in-memory buffering and increases the system cost. The single-thread model

controls IO variability by performing at least one IO for each stream in each

cycle. This approach is not possible in the simple multi-threaded design.

Contiguous IOs: Since the operating system might break up a large IO

request into multiple small ones, an IO operation for a single stream might

incur multiple disk accesses simply due to thread-switching in a multi-threaded

design. However, in the single-threaded design, the operating system cannot

interleave IOs for different streams, which ensures that an IO operation to the

disk is indeed sequential.

Fairness: In the single-thread IO model, we can incorporate service for

non-real-time requests simply by reserving a fixed portion of each cycle for non-

real-time jobs.

Request Handler

When a new request arrives in the XTREAM system, the request handler

module is invoked to service it. The request handler, in turn, invokes the ad-

mission controller to determine if the new request can be serviced. If it can, the

request handler preempts the IO scheduler as soon as it finishes its current IO

job. It then adds the request to the head of the IO service queue, which is used
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by the IO scheduler to determine the service order. We can make the following

observations for this approach:

1. The initial latency does not depend on the number of streams in the system.

It is simply the sum of the maximum time required to service a single IO for

any existing stream and the time required to perform the initial IO for filling

up the buffer of the new stream. This approach comes at the cost of double

buffering, which frees the IO scheduler from having to maintain the same

IO order between time cycles. If required, the initial latency can be further

decreased by using preemptible disk access methods proposed in [18].

2. The double buffering scheme also frees IO scheduler from using fixed-

stretch [8], in which the IO for a stream must be started exactly at the same

time relative to the beginning of each cycle. In a system which services both

real-time streams and non-real-time requests, a fixed-stretch IO restriction

might lead to under-utilization of disk bandwidth because of variability in both

the number of streams and their bit-rates. In contrast, the double buffering

scheme can tolerate these phenomena easily.

Using this scheme, the request handler can service a new IO request stream

as soon as the current IO request is completed by the disk drive. To further

decrease the response time, the notion of semi-preemptible IO [18] can be used.

Semi-preemptible IO is an abstraction for disk IO, which provides highly pre-

emptible disk access (average preemptibility of the order of one millisecond) with

little loss in disk throughput. Semi-preemptible IO breaks the components of

an IO job into fine-grained physical disk-commands and enables IO preemption

between them. It thus separates the preemptibility from the size and duration

of the operating system’s IO requests.
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Admission Controller

The admission controller must ensure that the XTREAM server will not

be overloaded if a new stream is admitted. At the same time, it should not

deny service to a new request that will not overload the server. The two main

objectives of the admission controller are maintaining QoS and avoiding under-

utilization of the server.

Figure 4.8 depicts the available slack in each time cycle for two scenarios.

Figures 4.8(a) and 4.8(b) illustrate the variations of available slack when the

XTREAM server is slightly overloaded (i.e., cannot maintain real-time guaran-

tees) and under-utilized (i.e., can admit more streams) respectively. Only when

the available slack is always greater than zero will the system be able to fulfill

all deadlines and support all streams in real-time.
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Figure 4.8: Available slack in each time cycle.

In order to achieve the two design objectives, XTREAM must be able to

predict the disk-throughput utilization accurately. This is a challenging prob-

lem because the disk performance varies significantly depending on the disk

access pattern and the file-system data placement policies. However, to remain

independent of the underlying file-system, XTREAM does not make any as-
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sumptions about file-system data layout on the disk, nor does it attempt to

control the file placement. The only assumption made is that a single IO is se-

quential which is reasonable for multimedia files with a large ratio of file size to

IO size. This feature of XTREAM allows it to work with almost any file-system.

To perform good admission control under these restictions, XTREAM relies

on accurate modeling of disk-drive performance based on disk profiling. Equa-

tion 4.8 offers a simple model for disk utilization (U) which depends on the

number of IO requests in one cycle (N). The transfer time (Ttransfer) is the

total time that the disk spends in data transfer from disk media in a time cycle.

The access time (Taccess) is the average access penalty for each IO request, which

includes both the disk seek time and rotational delay.

U =
Ttransfer

N × Taccess + Ttransfer

(4.8)

Since the disk utilization U depends only on the number of requests and the

total amount of data transfered in a time cycle, it can be expressed as a function

of just one parameter: the average IO request size (Savg).

0

5000

10000

15000

20000

25000

30000

0 2 4 6 8 10

T
hr

ou
gh

pu
t [

kB
/s

]

Average IO request size [MB]

Mean
Min

Figure 4.9: Disk throughput vs. average IO size.

We use our disk profiler tool to measure the disk-throughput utilization.

The profiler performs sequential reads of the same size from random positions

on the disk. Figure 4.9 shows the achieved disk throughput depending on the
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average IO request size. We propose and evaluate two classes of approaches for

admission control: (1) conservative and (2) aggressive. The conservative class

provides the best QoS level for all streams, while the aggressive class provides

support for tunable QoS levels.

Let the bit-rate of each stream i in the system be denoted by Bi. When a

new request arrives (with required bit-rate Bnew), the admission controller first

calculates the new average IO request size using Equation 4.9.

Savg =
T × (Bnew +

∑N
i=1 Bi)

N + 1
(4.9)

In the next step, we obtain the predicted disk utilization, P (Savg), for an

average request size of Savg from the disk utilization curve (Figure 4.9). Then,

if the condition in Equation 4.10 holds, the new request is accepted.

P (Savg) > Bnew +
N∑

i=1

Bi (4.10)

4.1.7 XTREAM Results

In this section we evaluate the XTREAM system using the following metrics:

1) maximum system throughput, 2) initial latency, and 3) accuracy of admission

control methods. We use an Intel Pentium 4 1.5 GHz Linux based PC, with

512 MB of main memory and a WD400BB 40 GB hard drive. The maximum

sequential disk throughput is 31 MBps in the fastest zone and 21 MBps in the

slowest zone. The LAN is 100 Mbps Ethernet which enables streaming several

MPEG2 and a large number of MPEG4 encoded videos.

In order to evaluate the hard disk scheduler, a client can require “dummy”

streaming with constant (CBR) or variable bit-rate (VBR). Dummy streams

are not streamed over the network. The client can specify whether the dummy

stream is read or write, and whether the bit-rate is constant or variable.
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Figure 4.10: Percentage of missed cycle deadlines.

Throughput

Figure 4.10 shows the percentage of missed cycle deadlines depending on the

total bit-rate of serviced streams. In each of the three experiments (denoted

by the three lines), all serviced streams have the same bit-rate. Larger bit-

rates result in larger disk IOs, and consequently higher disk utilization (See

Figure 4.9). In each experiment, we use time cycle of one second. Since one of

the main goals of the system is to maintain real-time guarantees, the maximum

throughput of the system is the maximum value on x-axis when the system does

not miss any deadlines. Depending on the required QoS, the admission control

module can choose an appropriate maximum throughput (total bit-rate) for

the disk. Thus, the trade-off between QoS and system throughput decides the

admission control policy. Table 4.4 shows Xtream accuracy for one conservative

and two aggressive admission control policies.

Initial Latency

In this paper we define initial latency as the delay between the moment

the request handler receives a client request, and the moment when the initial

buffer for the new stream is filled. Data on the initial latency, depending on

the number of streams in the system, are presented in Figure 4.11. The initial
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latency does not depend on the load of the system but only on the size of IO

requests (which depends on the stream bit-rates). The following results do not

consider or evaluate network or client-side latency.
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Figure 4.11: Initial latency.

Guaranteed IO

For a streaming multimedia system to guarantee QoS for IO, its admission

control policy must be accurate. In this section, we evaluate the three differ-

ent admission control configurations introduced in Section 4.1.6: conservative

admission control (Adm1) and two aggressive admission controls (Adm2 and

Adm3). Adm1 uses the min curve from Figure 4.9 to perform admission con-

trol. Adm2 uses the mean curve from Figure 4.9 and maximum stream bit-rates.

Adm3 uses mean curve from Figure 4.9 and average stream bit-rates.

To determine the accuracy of the three admission control configurations,

we performed experiments for the following two scenarios: homogeneous CBR

(type C) and V BR (type V ) streams where all serviced streams have the same

bit-rate; and heterogeneous CBR streams (type H) where each stream has a

constant bit-rate, but the bit-rate for individual streams in the system varies be-

tween 1/10 and 10 times the average value. MaxN denotes the maximum num-

ber of streams that the system can support without missing deadlines. MaxN

is calculated manually within each experiment using trial and error. The results
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Avg. BR Type MaxN Adm1 Adm2 Adm3
250 kBps C 44 39 43 n/a

1000 kBps C 20 14 15 n/a
2000 kBps C 12 9 10 n/a
250 kBps V 44 30 34 43

1000 kBps V 23 11 12 15
2000 kBps V 11 7 8 10
250 kBps H 44 39 43 n/a

1000 kBps H 16 14 15 n/a
2000 kBps H 10 9 10 n/a

Table 4.4: Admission control accuracy.

presented in Table 4.4 show that XTREAM provides QoS for disk IO while not

significantly under-utilizing the system.

4.2 The SFinX Video Surveillance System

Video surveillance has been a key component in ensuring security at air-

ports, banks, casinos, and correctional institutions. More recently, government

agencies, businesses, and even schools are turning toward video surveillance as a

means to increase public security. With the proliferation of inexpensive cameras

and the availability of high-speed, broad-band wired/wireless networks, deploy-

ing a large number of cameras for security surveillance has become economically

and technically feasible. However, several important research questions remain

to be addressed before we can rely upon video surveillance as an effective tool

for crime prevention, crime resolution, and crime prosecution. SfinX (multi-

Sensor Fusion and mINing Xystem) aims to develop several core components

to process, transmit, and fuse video signals from multiple cameras, to mine

unusual activities from the collected trajectories, and to index and store video

information for effective viewing [22].

The current state-of-the-art in commercial video surveillance equipment typ-
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ically consists of analog cameras and tape-based VCRs which are functionally

very limited. For instance, these systems do not support simultaneous record-

ing and reviewing of camera data. Analog data on tape must be first converted

to digital format before it can be subjected to further analysis. Moreover, re-

trieval of archived videos is manual and therefore time-consuming. All these

issues make current commercial systems obsolete. Current and future surveil-

lance systems must be all digital, capable of handling multiple simultaneous

viewing and recording sessions, automatically detect suspicious activity, and

most of all, be affordable. To this end, we propose to use cheap off-the-shelf

digital video cameras and desktop computers to store, retrieve, analyze, and

query the captured videos. Our architecture requires only one high-end camera

(with zoom and motion capabilities) per physical location for tracking objects

or humans in close-up.

The target application that we intend to support would not only be able

to support viewing video streams in real-time, but also support scan opera-

tions (like rew, ffwd, slow-motion, etc.) on the video streams. In addition, it

would also support video analysis in the form of database queries. A query,

for instance, can be worded like this: “select object = ‘vehicles’ where event

= ‘circling’ and location = ‘parking lots’ and time = ‘since 9pm last night’.”

Another example-query might be “select object = ‘vehicle A’ where event = ‘*’

and location = ‘*’ and time = ‘since 9pm last night’.”

In this section, we propose the architecture of a next-generation video-

surveillance system which not only supports real-time monitoring and storage

of all the video streams, but also performs video analysis and answers semantic

database queries. We analyze each component of the proposed architecture and

present the research problems that need to be solved in order to build a success-

ful video-surveillance system. We present preliminary results of the performance

of certain components of the system.

In recent times, there has been a renewed interest in designing all digital
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video surveillance systems [13, 22, 25, 78, 94, 99]. However, a number of re-

search problems remain to be solved before we can build efficient and reliable

surveillance systems. We outline the major components within SfinX and asso-

ciated research problems in Section 4.2.2.

4.2.1 System Architecture

In this section, we introduce the hardware and software architecture of the

SfinX system.
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CPU
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Figure 4.12: Hardware architecture.

Figure 4.12 depicts a typical hardware architecture of SfinX. Cameras are

mounted at the edges of a sensor network to collect signals (shown on the

upper-right of the figure). When activities are detected, signals are compressed

and transfered to a server (lower-left of the figure). The server fuses multi-

sensor data and constructs spatio-temporal descriptors to depict the captured

activities. The server indexes and stores video signals with their meta-data on

RAID storage (lower-right of the figure). Users of the system (upper-left of the

figure) are alerted to unusual events and they can perform online queries to
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retrieve and inspect video-clips of interest.
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Figure 4.13: Software architecture.

Figure 4.13 depicts the software architecture of SfinX. Video signals are

captured by the video capture module. At the same time tracking algorithms are

employed to track objects in the captured video streams and the video stream is

encoded and sent off to be stored onto Xtream [17], a real-time streaming storage

system. To aid in effective tracking of occluded objects and to obtain consensus

on object position in ambiguous situations, a multi-tracker module combines the

tracking information from different cameras which cover a common physical area

and feeds back global information to the individual camera tracking modules.

There exist multiple multi-trackers, which track objects in physically disjoint

areas.

Using the global tracking information and object representation created by

the multi-tracker modules, the fusion and representation module maps the tra-

jectory of each object as it moves through the entire scene. The representation
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module represents the trajectory of each object using sequence data representa-

tion [94]. This information is stored in the events database for future reference.

The user-interface consists of two distinct components. First, the real-time

monitoring component using which a user can view live camera feeds as well

as interact with live feeds to scan through the stream. This helps the user

to immediately track objects by moving through the stream at will. Second,

the viewer can also analyze the stored video streams by performing database

queries. An example of such a query was presented in Section 4.2. Controlling

the query semantics, the user can get detailed information from the database.

4.2.2 System Components

In this section, we present the major components of the SfinX system. We

analyze each component of the software architecture and describe the interaction

between various components.

Video Capture

For capturing video streams, we propose using multiple, cheap, off-the-shelf

video cameras for each physical location requiring surveillance. Similar to a

previous study [99], we use a single high-end camera per location with zoom

and motion capabilities for tracking objects or humans in close-up. The most

important problem in capturing useful information from a scene is that of cam-

era calibration [25]. Ideally, this must be an automatic process, that maps the

camera coordinates to coordinates in the physical location. In addition, the

close-tracking high-end camera must be perfectly calibrated at all times in spite

of zoom and motion operations.
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Encoding and Real-time Storage

The video stream obtained from each camera is encoded using standard

encoding algorithms (e.g., H.263, MPEG1, or MPEG4). Each stream is then

stored using a real-time storage system like Xtream [17] for future viewing

purposes. The storage system provides real-time stream retrieval and supports

scan operations (e.g., rew, ffwd, and slow-motion). The main sub-components

of the real-time storage component are: data placement, admission control, disk

scheduling, and backup manager.

The data placement module makes decisions about data placements using

global knowledge about all storage nodes and the QoS requirements for each

IO request. The placement decisions can be short-term (e.g., for each database

update) or long-term (e.g., the placement for the next one hour of a particular

video stream). The data placement module consults the admission control mod-

ule to check if a particular placement satisfies the real-time access requirements.

It also manages data redundancy for reliability.

The disk scheduling module is responsible for local disk scheduling and buffer

management on each storage node. SfinX uses time cycle scheduling [60] for

guaranteed-rate real-time streams. The basic time cycle model is extended to

support non real-time IO requests with different priorities (high-priority, best-

effort, and background IO). To achieve short latency for high-priority requests

while maintaining high disk throughput, SfinX uses preemptible disk schedul-

ing [18].

The backup manager module is responsible for deciding which data to copy

from main storage to backup and when. The volume of video data in SfinX is

large, of the order of TB/day. Since the main SfinX storage is designed to be

reliable, backup is mainly used to filter its data and to keep only the important

data in the main storage.
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Tracking and Multi-tracking

Tracking refers to the process of following and mapping the trajectory of

a moving object in the scene. Moving objects in each camera feed are tracked

using real-time tracking algorithms [13, 78]. Using the information about motion

trajectory, the high-end camera may be used to follow the moving object in

close-up.

Multi-tracking combines the tracking information from different cameras

which monitor the same physical location. It uses the global knowledge thus

obtained to aid in tracking objects which are occluded for individual cameras. It

can also use this global information to reach consensus when individual tracking

modules disagree on object positions. The multi-tracker feeds this global infor-

mation back to the individual camera tracking modules. Each physical location

employs a multi-tracker to combine the information from individual cameras in

that location.

Fusion and Representation

Using the global tracking information and object representation created by

the multi-tracker modules, the fusion and representation module maps the tra-

jectory of each object as it moves through the entire scene. The representation

module represents the trajectory of each object using sequence data represen-

tation [94]. To arrive at a reasonable representation, the trajectory of each

object is smoothed using Kalman filters [39] to obtain a piecewise linear trajec-

tory. This piecewise linear trajectory is then represented using sequence data

representation.

Event Recognition

Event recognition translates to the problem of recognizing spatio-temporal

patterns under extreme statistical constraints. It deals with mapping motion
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patterns to semantics (e.g., benign and suspicious events). Recognizing rare

events comes up against two mathematical challenges. First, the number of

training instances that can be collected for modeling rare events is typically very

small. Let N denote the number of training instances, and D the dimension-

ality of data. Traditional statistical models such as the Hidden Markov Model

(HMM) cannot work effectively under the N < D constraint. Furthermore,

positive events (i.e., the sought-for hazardous events) are always significantly

outnumbered by negative events in the training data. In such an imbalanced

set of training data, the class boundary tends to skew toward the minority class

and hence results in a high incidence of false negatives.

Querying and Monitoring

Monitoring allows retrieving videos efficiently via different access paths.

Video data can be accessed via a variety of attributes, e.g., by objects, tempo-

ral attributes, spatial attributes, pattern similarity, and by any combinations of

the above. We support retrieval of videos with trajectories that match a given

SQL query definition. At the same time the storage system must also support

viewing of stored videos. The infrastructure also supports real-time monitor-

ing of camera streams. However, simultaneously supporting high-throughput

writes (recording encoded videos) and quick response reads (retrieving video

segments relevant to a query) presents conflicting design requirements for mem-

ory management, disk scheduling, and data placement policies at the storage

system.

4.2.3 Results

In this section, we present results obtained while measuring camera per-

formance, video compression efficiency, network capability, and storage perfor-

mance.
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Camera Performance

Table 4.5 presents the performance characteristics of the high-end camera

that we currently use to track objects in close-up.

Parameter Value
Camera model Sony EVI-D30
Output resolution 460x350 NTSC tv lines
Pan range 193.75 degrees (specs say 200 degrees)
Maximum pan speed 80.7 degrees/sec (specs say 80)
Pan accuracy ±0.45 degrees approx.
Tilt range 47.36 degrees
Maximum tilt speed 52.6 degrees/sec (specs say 50)
Tilt accuracy ±0.22 degrees approx.
Zoom (”tele” and ”wide”) 1x to 12x at 6 speed settings

Table 4.5: Measured performance parameters for the Sony EVI-D30 high-end
camera.

Compression results

Of the four compression methods we tested (H.263, MPEG4, MSMPEG4,

and MPEG1), all were within approximately 8% CPU usage of each other.

MSMPEG4 was the slowest, though it did exhibit the best quality. Here we

present the compression results using MPEG1 encoding. Experiments were

carried out on an Intel P4 2.66GHz using the open source video encoder ffmpeg.

We notice an interesting trend in Figure 4.14, which depicts the CPU uti-

lization to compress video MPEG1 at 15 fps at different resolutions. A larger

resolution video naturally requires more CPU. Also, the larger the target bit-

rate, the larger is the CPU usage since the parameter space for the compression

algorithm increases with the target bit-rate. In addition to this chart, we found

that capturing at 15fps uses a little over half of the CPU as capturing at 30fps.
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Figure 4.14: CPU utilization for compression.

Bit-rate (kbps) # Streams
100 919
400 229
800 114
1200 76
3000 30

Table 4.6: Throughput of 100 Mbps network.

Network streaming results

Table 4.6 gives an estimate about the number of streams that can be sup-

ported at various bit-rates over a 100Mbps local area network. The network is

switched Ethernet and the switch is a HP 2324 Pro-curve box.

4.3 Summary

In this chapter, we presented three prototype real-time storage systems that

we have designed and implemented based on an accurate low-level profiling

of hard-disk performance parameters obtained from Diskbench [21], our disk

profiling tool. These systems incur little overhead and offer significantly superior
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real-time support than traditional file systems and make the case for designing

future storage systems with real-time capability.
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Chapter 5

Quality of Service: MEMS-based

storage

5.1 MEMS-based Streaming

Streaming data is characterized by the dual requirements of guaranteed-rate

IO and high throughput. To service multiple streams, the disk-drive bandwidth

is time-shared among the streams. However, this time-sharing degrades disk

throughput. Any system designed for servicing streaming data must address the

inherent trade-off between disk throughput and data buffering requirements.

In this paper, we adopt the time-cycle based scheduling model [60] for

scheduling continuous media streams. In this model, time is split into basic

units called IO cycles. In each IO cycle, the disk performs exactly one IO oper-

ation for each media stream. Given the stream bit-rates, the IO cycle time is the

amount of time required to transfer sufficient amount of data for each stream

so as to sustain jitter-free playback. The IO cycle time depends on the system

configuration as well as the number and type of streams requested. To service

multiple streams, the IO scheduler services the streams in the same order in

each time-cycle. Careful management of data buffers and precise scheduling [8]
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can reduce the total amount of buffering required to the amount of data read

in one time-cycle.

MEMS

Drive
DRAM

IO BUS
Disk

Figure 5.1: The MEMS Architecture.

In traditional multimedia servers, the buffering requirement is addressed

using the system memory (DRAM). MEMS-based storage devices can be used

to offload part of the DRAM buffering requirement. They can also be used as

caches to provide faster access to multimedia content. Figure 5.1 illustrates the

new system architecture that includes the MEMS device in the storage hierarchy.

The MEMS storage module can consist of multiple MEMS devices to provide

greater storage capacity and throughput. The MEMS device is accessed through

the IO bus. It can be envisioned as part of the disk drive or as an independent

device. In either case, IOs can be scheduled on the MEMS device as well as on

the disk drive independently. Similar to disk caches found on current-day disk

drives, we assume that MEMS storage devices would also include on-device

caches. In what follows, we present two possible scenarios in which such an

architecture can be used to improve the performance of a multimedia system.

5.1.1 MEMS Multimedia Buffer

Using MEMS storage as an intermediate buffer between the disk and DRAM

enables the disk drive to be better utilized. At a fraction of the cost of DRAM,

MEMS storage can provide a large amount of buffering required for achieving
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high disk utilization (see Figure 3.2). Although DRAM buffering cannot be

completely eliminated, the low access latency of MEMS storage provides high

throughput with significantly lesser DRAM buffering requirement. The MEMS

device can thus act as a speed-matching buffer between the disk drive and

the system memory, in effect addressing the disk utilization and data buffering

trade-off.

Using MEMS storage as an intermediate buffer implies that the MEMS-

based device must handle both disk and DRAM data traffic simultaneously. To

understand the service model, let us assume that the multimedia streams being

serviced are all read streams, so that stream data read from the disk drive is

buffered temporarily in the MEMS device before it is read into the DRAM. This

model can be easily extended to address write streams.

To service buffered data from the MEMS device, we use the time-cycle-based

service model previously proposed for disk drives. Data is retrieved in cycles

into the DRAM such that no individual stream experiences data underflow at

the DRAM. At the same time, the data read from the disk drive must be written

to the MEMS device. The disk IO scheduler controls the read operations at the

disk drive. The MEMS IO scheduler controls the write operations for data read

from the disk as well as read operations into the DRAM. In the steady state,

the amount of data being written to the MEMS device is equal to the amount

read from it. The MEMS bandwidth is thus split equally among read and write

operations. Thus, although the MEMS device can help improve disk utilization,

we must realize that to do so, it must operate at twice the throughput of the

disk drive. In order to minimize buffering requirements between the disk drive

and the MEMS storage, the disk and the MEMS IO schedulers must therefore

co-operate.

The MEMS buffer could consist of multiple physical MEMS devices to pro-

vide greater buffering capacity and throughput. As we shall see in Section 5.3, a

bank of MEMS devices may be required to buffer IOs for a single disk. The (pre-
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dicted) low entry-cost of these devices makes such configurations practical. We

now present a feasible IO schedule that maintains real-time guarantees, when a

single MEMS device is used for buffering. We then extend our methodology to

work with a bank of MEMS devices.

IO Scheduling: Single MEMS

We now present one possible IO scheduler which guarantees real-time data

retrieval from the disk using a single-device MEMS buffer. The MEMS IO

scheduler services IOs on the MEMS device in rounds or IO cycles. In each IO

cycle, the MEMS device services exactly one DRAM transfer for each of the N

streams serviced by the system. The amount of data read for each stream is

sufficient to sustain playback before the next IO for the stream is performed.

Further, the MEMS device also services M transfers (M < N) from the disk in

each IO cycle. In the steady state, the total amount of data transferred from

the disk to the MEMS buffer is equal to that transferred from the MEMS buffer

to DRAM. Thus, there exist two distinct IO cycles, one for the disk (the disk

IO cycle, during which N IOs are performed on the disk-drive) and the other

for the MEMS buffer (the MEMS IO cycle, during which N IO transfers occur

from the MEMS buffer to the DRAM).

�����
�����
�����

�����
�����

MEMS
Seek

DRAM
Transfers

MEMS Head

Disk Head

DRAM 

MEMS  IO Cycle

Seek Data Transfer

MEMS−DRAM MEMS−Disk

time

Figure 5.2: MEMS IO Scheduling.
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Figure 5.2 describes the data transfer operations occurring during a single

MEMS IO cycle. The X-axis is the time axis; the three horizontal lines depict

the activity at the disk head, the MEMS tips, and the DRAM, respectively.

In this example, the system services 10 streams (N = 10). The lightly shaded

regions depict data-transfer from the disk drive into the MEMS device. The

dark regions depict data-transfer between the MEMS device and the DRAM.

The MEMS device performs N small IO transfers between MEMS and DRAM,

and M large disk transfers in each MEMS IO cycle.

IO Scheduling: Multiple MEMS

According to certain predictions [71, 88], a single MEMS device might not

be able to support twice the bandwidth of future disk drives. In such cases, a

bank of k MEMS devices would provide a higher aggregate bandwidth. Using

k MEMS devices for buffering disk IOs raises interesting questions. How should

stream data be split across these devices? What constitutes an IO cycle at the

MEMS buffer? To what uses can we put any spare storage or bandwidth at the

MEMS devices? We answer each question in turn.

Placing stream data: Buffered data can be placed in one of two ways:

stripe the buffered data for each stream across the MEMS bank or buffer each

stream on a single MEMS device. Striping data for each stream across the k

MEMS devices can be accomplished by splitting each disk IO into k parts and

routing each part to a different MEMS device. The size of disk-side IOs per-

formed on the MEMS device is reduced by a factor of k. Since a smaller average

IO size decreases the MEMS device throughput, striping can be undesirable.

Instead of striping the data, the set of streams could be split across the

MEMS bank. Each stream would thus be buffered on a single MEMS device.

This would preserve the size of disk-side IO transfers. To achieve such a split,

the disk IOs are routed to the MEMS devices in a round-robin fashion. Every
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kth disk IO is routed to the same MEMS device. Routing each IO to a single

MEMS device improves the MEMS throughput and is thus preferable to striping

each disk IO across the MEMS bank.
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Figure 5.3: IO Scheduling for a MEMS bank.

IO Cycle for a k-device MEMS bank: Routing each disk IO to a single

MEMS device splits the set of streams across the k MEMS devices in the bank.

The notion of IO cycle for the MEMS bank can be defined in the same manner

as that for a single device MEMS buffer. It is the time required to perform

exactly one DRAM transfer for each of the N streams serviced by the system.

For the sake of simplicity, let us assume that each MEMS device services N
k

streams. Figure 5.3 depicts the operations during an IO cycle at each MEMS

device. The number of streams, N , is 45 and the number of MEMS devices

in the bank is k = 3. For each disk IO, 15 DRAM transfers take place. The

amount of data read from and written into the MEMS device is the same in the

steady state.

Using the spare MEMS storage and bandwidth: Depending on the

number and type of streams serviced and the capacity of the MEMS device

bank, spare storage and/or bandwidth might be available at the MEMS device.

If additional storage is available at the MEMS device, the operating system
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could use it for other non-real-time data: as a persistent write buffer, as a cache

for read data with temporal or spatial locality, or as a disk prefetch buffer. The

MEMS storage can also be used to cache entire streams, as we shall explore

next. Spare bandwidth, if available, can be used for non-real-time traffic.

5.1.2 MEMS Multimedia Cache

Multimedia content usually has a well-defined popularity distribution, and

some content are accessed more frequently than others. Besides using MEMS

storage as a buffer for streaming multimedia data from the disk drive, we can

also use a MEMS storage device as a cache for popular multimedia content.

Since the MEMS device offers low latency data access at throughput levels

similar to those of the disk-drive, storing popular content on a MEMS cache

reduces the buffering requirement for streaming data and hence DRAM cost.

By using k MEMS devices, we can also use the aggregate bandwidth of the

MEMS cache for improving the server throughput.

One significant difference between using a MEMS device as a cache and using

it as a buffer is that with caching, the MEMS cache behaves primarily as a read-

only device. The MEMS cache is updated only to account for changes in stream

popularity. This can be accomplished off-line, during service down-time. To

service streams from the cache, we use time-cycle-based IO scheduling. Again,

there exist two distinct IO cycles, one for the streams serviced from the disk-

drive and the other for those serviced from the MEMS cache. The performance

of either device depends on the available DRAM buffering and the number of

streams serviced from it.

When more than one MEMS device is used for caching, the performance of

the MEMS cache depends on the data management policy used for the MEMS

bank. With multiple devices, we must ensure that the load on the MEMS devices

is balanced. In this regard, we can draw on research from data management
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policies for disk arrays [11]. We now investigate two cache-management policies,

representing two classes of load balancing strategies, which ensure total load-

balance across the MEMS bank. These approaches make different trade-offs

to optimize for a sub-set of system configurations. More sophisticated load-

balancing strategies, including hybrid approaches of the above, have been pro-

posed in literature [11, 66, 90, 91]. We investigate two simple, representative

approaches as a first step.

Striped Cache-management

Using striped cache-management, each stream is bit- or byte-striped across

all the k MEMS devices. There is no redundancy, and data for each stream is

distributed in round-robin fashion across the MEMS devices. To perform an

IO on the MEMS cache, all the devices access exactly the same relative data

location, in a lock-step fashion. The load is thus perfectly balanced across the

MEMS cache. The effective data transfer rate of the MEMS cache is k times that

of a single device. The effective access latency of the MEMS cache is the same

as that of a single device. If Nm streams are serviced from the MEMS cache,

the total number of seek operations in an IO cycle is k · Nm. Using striped

cache-management, perfect load-balancing is achieved at the cost of reduced

access parallelism of the devices.

Replicated Cache-management

Using replicated cache-management, the cached streams are replicated on the

k MEMS devices. All the devices store exactly the same content. To perform an

IO on the MEMS cache, any of the k devices can be accessed. If the number of

streams serviced from the MEMS cache is Nm, then each MEMS device services

exactly Nm

k
of the streams. Since each MEMS device stores all the cached

streams, such a division is possible. The effective data transfer rate of the MEMS
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cache is k times that of a single device. Operating the k devices independently

improves parallelism of access. The total number of seek operations in an IO

cycle is only Nm as opposed to k · Nm in striped cache-management. Using

replicated cache-management, perfect load balancing is achieved at the cost of

reduced cache size due to data redundancy. In Section 5.2.2, we further analyze

the trade-offs involved in each policy.

5.2 Quantitative Analysis

In this section we present a quantitative model to analyze buffering require-

ments for systems supporting real-time streaming applications using MEMS

devices. We discuss two system configurations:

• MEMS buffer. All data retrieved from the disk to DRAM are first retrieved

into the MEMS buffer and then transferred to DRAM.

• MEMS cache. Selected data are cached on the MEMS device. Requested

data can be serviced either from the disk-drive or the MEMS cache.

To evaluate the effectiveness of MEMS-based buffering and caching, we com-

pare the system cost with and without MEMS storage. Let Cdram and Cmems

denote the unit cost ($/B) of DRAM and MEMS buffer, respectively. Further-

more, we use a per-device cost model for MEMS storage. The k MEMS devices

cost k × Cmems × Sizemems even if the system does not utilize all the available

MEMS storage. The proofs for the results presented in this section can be found

in [62].

5.2.1 MEMS Multimedia Buffer

Let Sdisk−dram denote the per-stream IO size from disk to DRAM, Sdisk−mems

from disk to MEMS, and Smems−dram from MEMS to DRAM. Let k denote the
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Parameter Description
N Number of continuous media streams
B̄ Average bit-rate of the streams serviced [B/s]
k Number of MEMS devices in system
Rdisk Data transfer rate from disk media [B/s]
Rmems Data transfer rate from MEMS media [B/s]
L̄disk Average latency for disk IO operations [s]
L̄mems Average latency for MEMS IO operations [s]
Cdram Unit DRAM cost [$/B]
Cmems Unit MEMS cost [$/B]
Sizemems MEMS capacity per device [B]
Sizedisk Disk capacity [B]
Sdisk−dram Average IO size from disk to DRAM [B]
Sdisk−mems Average IO size from disk to MEMS [B]
Smems−dram Average IO size from MEMS to DRAM [B]
Tdisk Disk IO cycle [s]
Tmems MEMS IO cycle [s]

Table 5.1: Parameter definitions.

number of MEMS devices in the system. Let N denote the number of streams

in the system. The buffer cost with and without the MEMS buffer is

COSTwithout mems = N × Cdram × Sdisk−dram (5.1)

COSTwith mems = k × Cmems × Sizemems +

N × Cdram × Smems−dram (5.2)

where k×Sizemems ≥ N ×Sdisk−mems. Using MEMS devices in a streaming

system is cost effective only if COSTwith mems < COSTwithout mems.

In order to calculate the system cost, we first calculate IO sizes that guar-

antee the real-time streaming requirements. We next compute disk and MEMS

IO sizes given the following four input parameters:

• N : The number of streams that the server supports.
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• B̄: The average bit-rate of the N streams.

• Rd: The data transfer rate of device d. Rd is substituted by Rdisk (disk

transfer rate) or Rmems (MEMS transfer rate) depending on where the IO

takes place.

• L̄d: The average latency of device d in a time-cycle. L̄d is substituted by

L̄disk (disk latency) or L̄mems (MEMS latency) depending on where the IO

takes place. L̄d also depends on the scheduling policy employed to manage

device d.

In computing IO size, we make two assumptions that are commonly used

in modeling a media server. First, we use time-cycle-based IO scheduling (Sec-

tion 5.1). Second, to simplify the analytical model, we assume all streams to be

in constant bit-rate (CBR).1 We summarize the parameters used in this paper

in Table 5.1.

Theorem 1. For a system which streams directly from the disk to DRAM, the

minimum size of per-stream DRAM buffer required to satisfy real-time require-

ments is

Sdisk−dram =
N × L̄disk ×Rdisk × B̄

Rdisk −N × B̄
, (5.3)

where Rdisk > N × B̄.

Corollary 1. To stream directly from the MEMS device to the DRAM, the

minimum size of per-stream DRAM buffer required to satisfy real-time require-

ments is

Smems−dram =
N × L̄mems ×Rmems × B̄

Rmems −N × B̄
, (5.4)

where Rmems > N × B̄.

Although Theorem 1 is well established [60], calculating IO sizes is more complex

1VBR can be modeled by CBR plus some memory cushion for handling bit-rate variabil-
ity [48].
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in a system that uses MEMS as an intermediate buffer between the disk and

DRAM because we must consider the real-time requirements between the disk

and MEMS as well as between the MEMS and DRAM.

Theorem 2. For a system which uses k MEMS devices as a disk buffer, the

minimum size of per-stream DRAM buffer required to satisfy real-time require-

ments is

Smems−dram = B̄ × C × (1 + 2k−2
N

)× Tdisk

Tdisk − C
, (5.5)

where C =
N × L̄mems ×Rmems

k ×Rmems − 2× (N + k − 1)× B̄
.

Tdisk is the largest value such that the following three conditions (real-time

requirement, storage requirement, and scheduling requirement) are satisfied:

Tdisk ≥ N × L̄disk ×Rdisk

Rdisk −N × B̄
(5.6)

2×N × Tdisk × B̄ ≤ k × Sizemems (5.7)

Tmems

Tdisk

=
M

N
, M < N, M ∈ Integer. (5.8)

Corollary 2. When N and M are divisible by k (or are relatively large com-

pared to k), k MEMS devices behave as a single MEMS device with both k

times smaller average latency and k times larger throughput.

5.2.2 MEMS Multimedia Cache

Although streaming data do not have temporal locality, they are often char-

acterized by a non-uniform popularity distribution. Caching popular content in

MEMS storage can decrease the DRAM buffering requirement so that the sys-

tem can support more streams. Let h denote the hit-rate for the MEMS cache.

Given N streams to service, n = N × h of them are serviced from the MEMS

cache, and N × (1− h) streams are serviced from the disk. We can express the
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cost of DRAM buffer and MEMS cache as

COSTwith mems−cache = k × Cmems × Sizemems +

h×N × Cdram × Smems−dram +

(1− h)×N × Cdram × Sdisk−dram. (5.9)

Using Theorem 1 we can calculate Sdisk−dram as

Sdisk−dram =
(1− h)×N × L̄disk ×Rdisk × B̄

Rdisk − (1− h)×N × B̄
, (5.10)

where Rdisk > (1− h)×N × B̄.

In order to calculate h and Smems−dram, let us assume that the popularity

distribution of content is specified by X : Y , where X% of the streams are

accessed Y % of the time. Let us assume that both popular (X%) and non-

popular streams (100%−X) are accessed uniformly in their class. The capacity

of the disk, Sizedisk, is the total storage required for all the streams serviced by

the system. Let the capacity of a single MEMS device be denoted by Sizemems.

Let the percentage of movies cached be denoted by p. Then the cache hit ratio,

h, can be expressed as

h =

{
p
X
× Y

100%
if X ≥ p,

Y
100%

+ p−X
100%−X

× 100%−Y
100%

otherwise.
(5.11)

If the MEMS cache contains a single MEMS device, then p and Smems−dram

(using Equation 5.4) are

p =
SIZEmems

SIZEdisk

;

Smems−dram =
n× L̄mems ×Rmems × B̄

Rmems − n× B̄

However, if the cache consists of more than one MEMS device, both p and

Smems−dram depend on the cache management policy used for accessing the

MEMS cache. We explore the two policies, namely striped and replicated, intro-

duced in Section 5.1.2.
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Striped Cache Management

Theorem 3. For a server that employs the striped cache-management policy

across an array of k MEMS devices for serving n streams, the minimum size of

per-stream DRAM buffer required to satisfy real-time streaming requirements

is

Smems−dram =
n× L̄mems × (k ×Rmems)× B̄

(k ×Rmems)− n× B̄
, (5.12)

where k ×Rmems > n× B̄.

Corollary 3. A striped cache, consisting of k MEMS devices, behaves as

a single MEMS cache with k times larger throughput and unchanged access

latency.

Replicated Cache Management

Theorem 4. For a server that employs the replicated cache-management policy

across an array of k MEMS devices for serving n streams, the minimum size of

per-stream DRAM buffer required to satisfy real-time streaming requirements

is

Smems−dram =
(n + k − 1) L̄mems

k
(k ·Rmems)× B̄

(k ·Rmems)− (n + k − 1)× B̄

where k ·Rmems > (n + k − 1)× B̄. (5.13)

Corollary 4. When N is divisible by k (or is relatively large compared to

k), k replicated cache behaves as a single MEMS device with k times larger

throughput as well as k times smaller average latency.

5.3 MEMS Evaluation

This section presents an experimental evaluation of a streaming multimedia

system equipped with MEMS storage. We compare its performance to that of
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a system without MEMS storage. We evaluate separately the performance of

the MEMS device when it is used to buffer streaming data stored on the disk

drive, and when it is used to cache popular streams. The evaluation presented

in this section is based on the analytical model presented in Section 5.2.

Parameter FutureDisk G3 MEMS DRAM
RPM 20, 000 – –
Max. bandwidth [MB/s] 300 320 10, 000
Average seek [ms] 2.8 – –
Full stroke seek [ms] 7.0 0.45 –
X settle time [ms] – 0.14 –
Capacity per device [GB] 1,000 10 5
Cost/GB [$] 0.2 1 20
Cost/device [$] 100–300 10 50–200

Table 5.2: Performance characteristics of storage devices in the year 2007.
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Figure 5.4: DRAM requirement for various media types.

To model the performance of the MEMS device, we closely followed one such

model proposed by researchers at Carnegie Mellon University. The work in [71]

describes their model comprehensively. For our experiments, we use the “3rd
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Generation” (G3) MEMS device model proposed in [71]. We obtained predic-

tions for disk-drive and DRAM performance by using projections on current-day

devices produced by Maxtor [50] and Rambus [59], respectively. These are sum-

marized in Table 6.1.

In our experiments the average bit-rate of streams, B̄, was varied within

the range of 10KB/s to 10MB/s. Since the maximum bandwidth of the Fu-

tureDisk, Rdisk, is 300MB/s, it can support tens of high-definition streams at

a few megabytes per second each, more than a hundred compressed MPEG2

(DVD quality) streams at 1MB/s, or a thousand DivX (MPEG4) streams at

100KB/s, or even tens of thousands of MP3 audio at a bit-rate of 10KB/s. To

minimize the mis-prediction of seek-access characteristics for the MEMS device,

we assume that MEMS accesses, L̄mems, always experience the maximum device

latency. We use scheduler-determined latency values, L̄disk, for disk accesses.

The disk IO scheduler uses elevator scheduling to optimize for disk utilization.

5.3.1 MEMS Multimedia Buffer

As mentioned in Section 5.1, using MEMS storage to buffer streaming data

requires that it supports twice the streaming bandwidth of the disk-drive. In

our experiments, we used at least two G3 MEMS devices for buffering the

streaming data, which provided a maximum aggregate MEMS throughput of

640 MB/s. To evaluate the performance of the MEMS multimedia buffer, our

experiments aimed to determine the reduction in DRAM requirement as well as

overall system cost due to the addition of MEMS storage. In addition, we also

determined the sensitivity of the above metrics to variations in MEMS device

characteristics.

Theorems 1 and 2 presented in Section 5.2 define the relationship between

the system parameters. To study the sensitivity of our evaluation to MEMS

device characteristics, we introduce the latency ratio, L̄disk

L̄mems
, as a tunable pa-
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rameter.

Latency ratio: We define the latency ratio as the ratio of the average disk

access latency to the maximum MEMS access latency. We varied the latency

ratio within the range 1 to 10. The value for this parameter is around 5 for the

FutureDisk and the G3 MEMS device listed in Table 6.1.

For performance evaluation, we conducted three experiments. In the first

two experiments, we assumed that the maximum amount of DRAM and MEMS

storage was unlimited. We also used a cost-per-byte price model for MEMS

storage. These relaxations allowed us to observe the relationship between the

system parameters. In the third experiment, we performed a case-study using

an “off-the-shelf” system which could be developed by the year 2007. The

available buffering on this system is limited, and its size is based on current

trends in server system configurations.

Reduction in DRAM requirement

In Figure 5.4, we vary the number of streams, N , and the average stream bit-

rate, B̄. We plot the DRAM requirement on the Y-axis. The X and Y axes are

drawn to logarithmic scale. The total buffering requirement increases rapidly

with the number of streams (according to Equations 5.1 and 5.4). For a fixed

system throughput, the buffering requirement is thus much larger for smaller

bit-rates than for larger ones. In the absence of a MEMS buffer, the DRAM

requirement for a fully utilized disk ranges from 1GB for 10MB/s streams to

1TB for 10KB/s streams. With a MEMS buffer, the DRAM requirement is

reduced by an order of magnitude to support a given system throughput.

Reduction in Cost

Addition of a MEMS buffer reduces DRAM requirement. However, we must

take the total system cost into account before reaching a conclusion about the
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Figure 5.5: Percentage cost reduction.

benefits. To calculate the cost of buffering, we use cost predictions as presented

in Table 6.1. According to the predictions, MEMS buffering is 20 times cheaper

than DRAM buffering per-byte.
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Figure 5.6: Reduction in the total buffering cost.

Figure 5.6 shows the reduction in total buffering cost, including the addi-

tional cost of the MEMS buffer. In spite of the addition of the MEMS buffer,

the total cost of buffering is reduced for all media types. Cost savings range

from tens of dollars for high bit-rate streams to tens of thousands of dollars

for lower bit-rates. These cost savings are almost directly proportional to the

DRAM reductions presented in Figure 5.4, since the fractional cost-addition
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due to the MEMS storage is negligible. This curve also shows that using a

MEMS buffer for streaming large bit-rates does not offer a significant reduc-

tion in the buffering cost. Indeed, for large bit-rates, even DRAM buffering

is sufficient to achieve high disk utilization. Upon calculation, we found that

the cost-reduction ranges between 80% and 90% depending on the number of

streams, N , and their average bit-rates, B̄.

A Parameter Sensitivity Study

We now present a hypothetical off-the-shelf system which could be developed

in the future. We determine the sensitivity of cost-reductions to unpredictable

trend changes in device characteristics by varying the latency-ratio.2

In our earlier experiments, we assumed that the system could use an un-

limited amount of DRAM and/or MEMS storage. However, a system with

terabytes of DRAM and/or buffering would be prohibitively expensive. In the

following experiment, we restricted the system configuration to an off-the-shelf

system projected for the year 2007 (Table 6.1). The maximum DRAM size is

restricted to 5GB and 20GB of MEMS buffering is used by adding two MEMS

devices. The cost of the MEMS buffer is $20, thereby restricting the cost-savings

to a maximum of 80%.

Figure 5.5(a) depicts the percentage reduction in the buffering cost for dif-

ferent average stream bit-rates when the latency ratio is varied. As the latency-

ratio is increased, the MEMS device can deliver higher throughputs with less

buffering. As a result, the buffering cost is reduced. When the average bit-rate

is increased, the performance of both the disk drive and the MEMS device im-

proves. The differential improvement in throughput for the MEMS device is

2We also investigated the sensitivity of the MEMS buffer performance to the cost and
bandwidth values. Our conclusion (that MEMS buffering is effective for low and medium
bit-rate traffic) holds true as long as the MEMS device is an order of magnitude cheaper than
DRAM and provides streaming bandwidths comparable to or greater than those of disk-drives.
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greater. However, beyond a certain average bit-rate (1MB/s in this case), the

DRAM requirement in the absence of the MEMS buffer is small, and the avail-

able 5GB DRAM buffer is under-utilized even without the MEMS buffer. In

the absence of a MEMS buffer, the DRAM requirement for the 10MB/s bit-rate

range is approximately 1.5GB, thereby limiting the cost-reduction to only 30%.

In Figure 5.5(b), contour lines on the XY-plane depict the regions in which

the percentages of reduction in total buffering costs are 25%, 50%, and 75%.

The MEMS buffer is cost-effective almost over the entire parameter space, with

at least a 50% to 75% reduction in the total buffering cost.

5.3.2 MEMS Multimedia Cache

When streaming content has a non-uniform access probability, then a MEMS

cache for popular streams can improve the performance of a multimedia server

as analyzed in Section 5.2. To measure the performance of the MEMS cache,

we calculated the improvement in the server throughput (number of additional

streams serviced) using a MEMS cache by fixing the total cost of the system.

The additional cost of using a MEMS cache is reflected by a reduced amount of

available DRAM buffering. We evaluated the performance of the MEMS cache

using the two cache-management policies described in Section 5.1: striped and

replicated.

The number of streams serviced from the MEMS device depends on the

number of cache hits (it follows Equation 5.9). In our experiments, we assumed

that if a stream was found in the cache, it would be serviced only from the

cache3.

The performance of the MEMS cache depends on four parameters: the pop-

ularity distribution, the total system cost, the average stream bit-rate, and the

3It can be shown that the performance of the cache can be further enhanced by off-loading
the servicing of some popular streams to the disk drive if the disk is under-utilized. We leave
this study for future work.
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Figure 5.7: MEMS cache performance.
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size of the MEMS bank. To evaluate the impact of these parameters, we con-

ducted the following experiment. We fixed the cost of the system and varied the

popularity distribution to determine the server throughput with and without a

MEMS cache. Each MEMS caching device that we added reduced the amount

of DRAM buffering available by 500MB in order to keep the cost invariant. The

popularity distribution follows X:Y, where X% of the streams are accessed Y%

of the time. We also assumed that all X% of the streams were equally popular.

Similarly, we assumed that the remaining (100-X)% of the streams were equally

unpopular. We conducted the same experiment for three different values of the

total buffering cost: $50, $100, and $200. At these costs, the numbers of MEMS

devices, k, used for caching are chosen as 1, 2, and 4 respectively. The entire

experiment was performed for two different average stream bit-rates: 10KB/s,

and 1MB/s.

Effect of popularity distribution

Figure 5.7(a) compares the performance of the two cache-management poli-

cies: striped and replicated, against a system without a MEMS cache. The X-

axis represents the popularity distribution and the Y-axis represents the server

throughput in terms of the number of streams serviced. The average stream

bit-rate is fixed at 10KB/s. A uniform popularity distribution is denoted by the

point 50:50 along the X-axis. When k = 1, the replicated and striped caching

is equivalent. For skewed popularity distributions of 1:99, 5:95, and 10:90, both

cache management policies outperform the system without the MEMS cache.

However, when the popularity distribution leans toward the uniform side, the

MEMS caching is not cost-effective. The MEMS cache is able to store only a

small fraction of the popular content, thereby failing to offset its cost.

We can also compare the relative performance of the two cache-management

policies. When the popularity distribution is greatly skewed (1:99), the repli-
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cated cache-management policy supports the maximum number of streams.

Since all the popular streams are available on the cache regardless of which

policy is used, replication outperforms striping by offering much lower average

access latencies to the MEMS cache. This is not the case for more uniform

popularity distributions, wherein striping can cache more popular content than

replication can.

Effect of varying the total cost

If the cost of the system is flexible, a system designer must know the size of

the MEMS cache and DRAM buffer which provides the best server performance.

Caching improves system performance when the number of MEMS devices is

large enough to cache a majority of the popular movies. More MEMS devices

can be used for caching when the available budget for buffering and caching is

sufficient. The greater the available budget, the bigger the range of popularity

distributions wherein the MEMS cache is cost-effective. For instance, in Fig-

ure 5.7(a), with a $50 budget, the MEMS cache (using one MEMS device) is

cost-effective only within the popularity range of 1:99 to 5:95. With a higher

budget ($200), the MEMS cache with four devices is cost-effective over a greater

popularity range, 1:99 to 20:80.

Effect of varying the average stream bit-rate

Unlike the MEMS buffer, the performance improvement due to the MEMS

cache is almost independent of the bit-rate of the streams serviced. Figures 5.7(a)

and (b) show this behavior. Regardless of the bit-rate, addition of one or more

MEMS devices increases the total streaming capacity of the server. An interest-

ing behavior that depends on the bit-rate occurs in the case without the MEMS

cache. In Figure 5.7(b), the additional improvement for buffering costs of $100

and $200 are negligible. For large bit-rates, even a small amount of buffering is
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sufficient for utilizing the disk throughput.

Effect of varying the number of MEMS devices
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Figure 5.8: Varying the size of the MEMS cache.

Figure 5.8 shows the effect of varying the size of the MEMS cache, k, on

the improvement in the server throughput. Striped cache-management policy is

used for this experiment. The total cost of buffering and caching with and with-

out the MEMS cache is fixed at $100 and the system serves an average bit-rate

of 100KB/s. Each MEMS device can cache 1% of the content. As k is increased,

the size and throughput of the MEMS cache also increase. However, to keep the

total cost invariant, the available DRAM buffer size decreases. Hence, for each

popularity distribution, there exists a unique optimal size for the MEMS bank.

When the popularity distribution is uniform, represented by 50:50, the MEMS

cache always degrades performance. For skewed popularity distributions (1:99,

5:95, and 10:90), the MEMS cache improves the server throughput by as much

as 2.4X.

98



5.4 Summary

In this chapter, we investigated the possibility of using MEMS storage for

buffering and caching streaming multimedia content. Summarizing our find-

ings, MEMS storage can improve the performance of streaming media servers

by providing low-access latency and high throughput for accessing streaming

data. We proposed using MEMS storage in two possible configurations: MEMS

as a multimedia buffer and MEMS as a multimedia cache. We developed an

analytical framework for evaluating each of these configurations while using ei-

ther a single MEMS device or a k-device MEMS bank. Based on our analytical

study we have provided the following design guidelines: (i) for low and medium

bit-rate streams, using MEMS storage as buffer reduces the cost of designing

server systems by as much as an order of magnitude, (ii) when the popularity

distribution is non-uniform, the server throughput can be improved by caching

data in the MEMS device. The MEMS device improves access to popular con-

tent and also provides additional streaming bandwidth, regardless of the stream

bit-rates.

Although this is a somewhat speculative study, several research and industry

efforts [5, 40, 54, 9, 88] suggest that commercially mass-produced MEMS storage

devices are only a few years away. Thus, it is necessary to start thinking now

about the architectural impact of these devices on current applications. We

hope that this study can provide guidelines for designing next-generation media

servers.

99



Chapter 6

Heterogeneous MEMS-disk

Storage Systems

In this chapter, we extend our single-disk work in Chapter 5 to a RAID

system. RAID systems are typically used in todays high data-volume servers.

The introduction of MEMS storage into a RAID-based storage architecture is

more complex than a single-disk system since it raises issues of IO bus contention

and sharing of the MEMS buffer/cache space between the disk drives.

In this chapter, we present a new class of single-disk and RAID-based storage

systems that also integrate the faster, albeit more expensive (in terms of cost-

per-byte), MEMS-based storage devices. MEMS-based storage devices offer a

unique cost-performance trade-off between those of DRAM and disk drives and

promise to bridge the increasing performance gap in the storage hierarchy.

We introduce the problem of building a heterogeneous MEMS-disk storage

system for real-time streaming data. We propose various ways of integrating

MEMS-based storage into existing storage architectures. In particular, we make

the following contributions:

1. Mapping between data types and storage device types.

2. Hardware storage architecture and logical hardware abstractions.
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3. Data placement and IO scheduling for MEMS-disk streaming storage.

The rest of this chapter is organized as follows: In Section 6.1, we intro-

duce key storage technologies and propose an architecture for a heterogeneous

MEMS-disk storage system. In Section 6.2, we address the problem of man-

aging heterogeneous storage and data, with a focus on time-sensitive real-time

data. In Section 6.3, we conduct a performance evaluation of the MEMS-disk

streaming storage system based on our analytical model. In Section 6.4, we

summarize the chapter contributions.

6.1 Heterogeneous Streaming Storage Archi-

tecture

Storage systems are becoming increasingly complex. Today, we see storage

farms consisting of several RAID modules with redundancy and fail-over mech-

anisms built in. Taking this paradigm into the future and incorporating new

storage technologies, we envision inherently heterogeneous storage systems built

using multiple storage technologies.

6.1.1 Overview of Storage Devices

To give order to the complex nature of storage systems, they are organized

in a hierarchy ranging from the on-board L1 and L2 caches, the main-memory,

the RAID-controller cache, the disk cache, and the permanent disk storage. To

the existing mix, MEMS-based storage adds a new level, and based on its cost-

performance characteristics, naturally places itself between the storage system

cache and the disk store. To simplify the discussion, we focus on key storage

levels in the hierarchy (in bold font below) that gain significance when dealing

with high-volume data.
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• L1/L2 cache: Caching code and data.

• DRAM: Buffering, Caching.

• RAID-controller cache and disk cache: Caching IO data.

• MEMS-based storage: Intermediate buffering, Caching.

• Disk drives: Permanent store for all data.

In understanding the role of these devices in a heterogeneous storage system,

we must first identify their performance characteristics. We now look at each

device in turn to decipher their role in a modern storage system.

Disk Drives

Typically, most storage media are optimized for sequential access. However,

since magnetic disks have much longer access times than MEMS-based storage

devices and DRAM, the effective throughput is governed by the amortized av-

erage of the disk access overhead. These devices have to be accessed in much

larger chunks to mask the access overheads. Due to its large access latency and

low cost-per-byte of storage, the disk drive is resource constrained primarily in

bandwidth and not space. System architects therefore cope with this problem

by issuing large IO requests (to amortize the access overhead) and by employing

intelligent disk scheduling algorithms. To deal with real-time streaming data,

scheduling gains additional importance to ensure timeliness of data delivery.

MEMS-based Storage

Researchers at the Carnegie Mellon University have proposed one possible

architecture for a MEMS-based storage device [31, 71] which was introduced in

Chapter 5 and depicted in Figure 3.1.
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Figure 3.2 shows the effective throughput of the MEMS device depending

on the average IO sizes when compared to disk drives. Due to its moderate

access latency and moderate cost-per-byte, MEMS-based storage devices are

both bandwidth and space constrained. Data allocation and placement as well

as IO scheduling are equally important in managing these devices. Since the

amount of buffer or cache space in the MEMS devices severely impacts the

performance of the disk drives, it must be managed carefully. While dealing

with real-time streaming data, the buffering bandwidth requirement is twice the

actual bit-rate of each stream (as we shall see in Section 6.2). This additional

bandwidth requirement as well as the real-time delivery constraints requires

more complex IO scheduling algorithms at the MEMS devices.

DRAM

The achievable throughput performance from a DRAM device is about two

orders of magnitude greater than both disk drives and MEMS-based storage.

The maximum DRAM throughput is achieved when data is accessed in sequen-

tial chunks, about the size of the largest cache block. These are typically tens

to hundreds of bytes. In such a scenario, it is very unlikely that the DRAM

bandwidth would become a bottleneck. Rather than its bandwidth, the DRAM

is resource-constrained in space. The available DRAM buffer and cache space

impacts the performance of the devices which are placed below in the memory

hierarchy, namely the MEMS-based storage and disk drives.

6.1.2 Heterogeneous Storage Hardware Architecture

Commodity RAID systems today consist of several disks connected to a

RAID controller over an IO bus. The RAID controller issues both operating

system generated IOs as well as control IOs required for RAID reconfiguration

and management. Typically, the IO bus can support several disk-drives without
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becoming a bottleneck itself. Data read or written on the storage system is

transferred over the PCI bus to the PCI interface of the DRAM and finally

to the DRAM itself. Designing new storage architectures requires that none

of the data-path components, including the data buses, become a performance

bottleneck.

Low-level Architecture

Due to their performance characteristics, it is a widely held belief that

MEMS-based storage devices will be placed between the disk and DRAM com-

ponents of the storage hierarchy. Figure 6.1 presents one possible hardware

storage architecture which integrates MEMS devices. The RAID controller also

has an on-board MEMS bank which it can use to temporarily buffer or cache

IO data. This architecture does not increase IO traffic on any of the buses

on the data-path, but may require additional on-board bus bandwidth on the

controller to transfer data to/from the MEMS bank.

PCI Interface

DRAM

PCI 
Bus

. . .

������

�
�
�
�
�
�
�
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MEMS

RAID
Controller

IO Bus

Figure 6.1: Integrated Storage Hardware Architecture.

Depending on how MEMS-based storage technology is packaged in the fu-

ture and the cost-cutting nature of storage industry, it may or may not be

feasible to integrate them into the RAID controller. If MEMS-based storage

devices are packaged with a SCSI or IDE -like interface, they may have to be
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independently connected to and accessed on the IO bus. Future RAID con-

trollers may be equipped to manage this additional device, or an independent

MEMS controller may be required. Although such an architecture is possible

(even possibly unavoidable), it generates additional traffic on the IO bus and

hence is an undesirable configuration.

Another future scenario arises if disk manufacturers immediately embrace

MEMS storage devices, considering it an assisting technology rather than a

competing one. In such a situation, they could integrate them into disk drive

units to be used as a large disk cache. Such a cache can improve disk perfor-

mance tremendously by allowing large amounts of data to be prefetched into

the cache. In addition, if an interface is provided to the operating system or

the RAID controller to independently access these devices, they could also be

used to selectively buffer or cache file data.

Controller
RAID PCI Interface

DRAM

PCI 
Bus

. . .

1D
. . .

2D

. . .

Dn������

IO Bus

Figure 6.2: Partitioned Storage Hardware Architecture.

Logical Hardware Abstractions

Based on the hardware architecture scenarios outlined above, two logical

abstractions of the hardware architecture aid us in designing higher level data

placement and IO scheduling schemes. These are the the integrated and parti-

tioned MEMS buffer-cache abstractions. Figure 6.3 present these abstractions.
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Figure 6.3: Logical Hardware Abstractions.

Although the partitioned hardware architecture can only allow the parti-

tioned logical abstraction, the integrated hardware architecture allows for both

logical abstractions and can be dynamically configured and tailored to the work-

load.

6.2 Managing Heterogeneous Streaming Stor-

age

We now address the question of managing heterogeneous MEMS-disk sys-

tems that store a heterogeneous mix of data types. We start out by introducing

the problem of managing heterogeneous storage systems and data, and pro-

pose a direction. We then look at the more specific question of constructing a

heterogeneous storage architecture for a system that integrates real-time and

non-real-time data.

6.2.1 Managing heterogeneous storage and data

Data present itself in numerous forms and they can be organized into a few

categories. These data types include, but are not limited to,
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• Urgent: Most IOs issued by the operating system are for urgent data,

which must be serviced as early as possible. Examples of such data include

file-system meta-data and virtual memory.

• Real-time: Streaming reads and writes are examples of real-time data.

These data usually have guaranteed-rate requirements for IO requiring IO

bandwidth reservation.

• Interactive real-time: Multimedia streams are expected to be inter-

active. Interactive operations may include REW, FWD, PAUSE, ZOOM,

etc. with the stream. These operations require quick response from the

system and data must be retrieved with low access latency.

• Other: Logging, browsing, editing, etc. are examples of other types of

data that must be supported by the system. These are typically non-real-

time, best-effort data. The requirement for such data is that IOs must

not experience starvation.

The heterogeneous nature of data is matched by the heterogeneous nature

of today’s storage systems. From the discussion in Section 6.1, we narrow down

our discussion on storage systems and focus on the following three devices, each

of which plays a role in the storage system hierarchy:

• DRAM: Buffering, Caching.

• MEMS-based storage: Intermediate buffering, Caching.

• Disk drives: Permanent store for all data.

Based on their characteristics, certain data types are naturally suited to spe-

cific storage types. The characteristics of data include size, type, distribution,

bit-rate, popularity, etc. Figure 6.4 presents one possible distribution of data to

different storage types based on a few characteristics, namely, file-size, bit-rate,
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and popularity. The shaded region depicts a permissible placement of the files.
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Figure 6.4: Data type v/s Storage type.

For cost-efficiency, large files must be cached on disk drives. However,

smaller files may be cached even entirely in DRAM. Typically, continuous

streams with high bit-rate are accessed sequentially in large chunks. They

are typically stored on disk drives not just because they tend to be large, but

more because the disk drives can efficiently service large IOs. Medium bit-rate

streams may be partially buffered or cached entirely on MEMS-based storage to

improve access to them. (We address the buffering and caching issues in detail

later in this section.) Finally, since the cost-per-byte of DRAM and MEMS-

based storage are significantly greater than those of disk drives, only popular

streams must be cached on them. These simple guidelines assist in designing

cost-effective and efficient heterogeneous storage systems.

6.2.2 Streaming Data

We now look at the more specific problem of managing streaming data.

Streaming data is different from other data in two main respects. First, they

are read or written on the storage device at a certain rate. This brings up the
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problem of real-time IO scheduling in the storage system. Second, segments of

a streaming data file must be temporarily buffered before they are consumed

to obtain acceptable performance from the storage device. This brings up the

problem of determining which storage component must be chosen to temporarily

buffer or cache streaming data.

Based on the nature of streaming data, we can build rules of thumb for plac-

ing them on storage devices. Streaming data files are usually large and hence

must be placed on disk drives for cost-effective storage. They may be tem-

porarily cached on a MEMS device if they are popular and accessed frequently.

Caching and buffer streaming files on a MEMS device can significantly improve

performance and lower cost. Accessing them as an intermediate layer (rather

than disk drives directly) greatly reduces the DRAM requirement for buffer-

ing a large number of streams simultaneous serviced from the storage system.

Since DRAM is the most expensive device in the storage hierarchy, minimizing

the DRAM requirement is critical for designing cost-effective streaming storage

systems.

The problem of IO scheduling goes hand-in-hand with data placement and

must be addressed together for a complete solution to managing streaming data.

One of the principal requirements in streaming applications is to maintain high

data throughput to be able to service as many simultaneous streams as possible.

Achieving high disk throughput in streaming applications necessitates accessing

the disk drive in larger chunks. This translates to a rapidly-increasing DRAM

buffering cost. A large DRAM buffer is especially necessary for servers which

stream to a large number of clients. Filling this buffering requirement is not

economically feasible using DRAM. Using a MEMS-bank as an intermediate

buffering device may alleviate most of the buffering requirement. Segments

of streams served from the disk drives are temporarily buffered in the MEMS

buffer at a much lower buffering cost compared to DRAM.

To service disk IO for streaming data, we use the notion of time-cycles [60].
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In each time-cycle, given the consumption rates of the individual streams, suffi-

cient data is retrieved for each stream so that the data buffers do not underflow

and introduce hiccups in stream playback. There exists a trade-off between the

amount of data buffered and the achieved disk utilization for servicing multime-

dia streams. Operating the disk drive at a higher utilization requires accessing

the disk using larger I/Os and consequently requiring more data buffering for

the individual streams. The disk scheduling algorithm employed decides the

trade-off point in this design space.

Using MEMS storage as an intermediate buffer between the disk and DRAM

enables the disk drive to be better utilized. At a fraction of the cost of DRAM,

MEMS storage can provide a large amount of buffering required for achieving

high disk utilization (see Figure 3.2). Although DRAM buffering cannot be

completely eliminated, the low access latency of MEMS storage provides high

throughput with significantly lesser DRAM buffering requirement. The MEMS

device can thus act as a speed-matching buffer between the disk drive and

the system memory, in effect addressing the disk utilization and data buffering

trade-off.

Using MEMS storage as an intermediate buffer implies that the MEMS-

based device must handle both disk and DRAM data traffic simultaneously. To

understand the service model, let us assume that the multimedia streams being

serviced are all read streams, so that stream data read from the disk drive is

buffered temporarily in the MEMS device before it is read into the DRAM. This

model can be easily extended to address write streams.

To service buffered data from the MEMS device, we use the time-cycle-based

service model previously proposed for disk drives. Data is retrieved in cycles

into the DRAM such that no individual stream experiences data underflow at

the DRAM. At the same time, the data read from the disk drive must be written

to the MEMS device. The disk IO scheduler controls the read operations at the

disk drive. The MEMS IO scheduler controls the write operations for data read
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from the disk as well as read operations into the DRAM. In the steady state, the

amount of data being written to the MEMS device is equal to the amount read

from it. Thus, although the MEMS device can help improve disk utilization, we

must realize that to do so, it must operate at twice the throughput of the disk

drive.

We analyze how the two logical hardware abstractions (partitioned and in-

tegrated) can be managed to cache and buffer streaming data. Each of these

abstractions has its advantages and disadvantages when used to store stream-

ing data. We propose two MEMS buffer/cache management schemes that work

with these abstractions.

Partitioned MEMS buffer

The partitioned MEMS buffer scheme can work with both logical hardware

abstractions. It assumes that it is possible to allocate a fixed and exclusive

MEMS buffer/cache to each disk. Each disk only has access to its exclusive

buffer/cache and cannot access those of the other disks in the RAID. Such an

exclusion, naturally available in the partitioned abstraction, can also be enforced

for an integrated hardware abstraction.

In the partitioned configuration, streams stored on the disk-drive are cached

and buffered on its exclusive MEMS buffer/cache. Figure 6.5(a) depicts the

stream flows in this configuration for the integrated hardware architecture.

Strict partitioning of the space is enforced within the MEMS buffer/cache and

there is no contention between the disks for buffer or cache space. In this con-

figuration, the solutions presented earlier for the single-disk case are directly

applicable. The exclusive nature of the buffer cache makes the data placement

and IO scheduling solutions for the partitioned configuration relatively easier

to design and implement. The only difference from the single-disk case is that

the amount of DRAM required is the sum of those required for the individual
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disks in the array.
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Figure 6.5: The partitioned and integrated MEMS buffer/cache schemes.

Although the partitioned solution is easy to implement, it may not be the

optimal under certain conditions:

Load imbalance: Load-imbalance in a RAID system is defined as the ratio

of the number of streams serviced by the most-loaded disk to the number

of streams served by the least-loaded disk, assuming that all streams share

a common bit-rate. In the case of load-imbalance, some disk drives may be

serving more data streams than others. In such a case, exclusive access to

buffer or cache space may lead to under-utilization and overload. Disk drives

that serve more streams may under-perform because the MEMS cache or buffer

space is insufficient. At the same time, MEMS buffers for other disks may be

under-utilized.

Bit-rate heterogeneity: Bit-rate heterogeneity in a RAID system is defined

as the ratio of the maximum average-bit-rate to the minimum average-bit-rate

of the streams served by any single disk in the RAID, assuming that the all

the disks stream the same total bandwidth. Lower bit-rate streams typically

require more buffer space to sustain higher throughput levels. If a disk drive
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Figure 6.6: Partitioned Scheduling.

serves a large fraction of low bit-rate streams, it may find buffer space to

be inadequate to sustain high throughput levels. Another disk drive serving

exclusively high bit-rate streams may waste buffer space.

Under-utilized MEMS bandwidth: The portion of the MEMS buffer/cache

that is unused also implies unused MEMS buffering bandwidth. The unusable

bandwidth on the MEMS buffer/cache drives up the DRAM buffering require-

ment for streams by requiring larger accesses on the MEMS device to deliver

the throughput required.

Figure 6.6 depicts the data transfer operations for a partitioned MEMS

buffer for a three-disk RAID system with two MEMS devices per disk. Of these,

Disk 3 has zero load and hence its corresponding MEMS devices (#5&6) are

completely unutilized. In a real system, such load imbalance scenarios may arise

when stream popularity changes or when disks are added or removed dynami-

cally. Given a RAID system where load is imbalanced, the partitioned solution

fractures the MEMS buffer space as well as bandwidth and is unsuitable under

the conditions outlined above. The integrated solution that we propose next

overcomes these shortcomings.
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Integrated MEMS buffer

The integrated MEMS buffer configuration applies only to the integrated

hardware abstraction. It overcomes the shortcomings of the partitioned solution

by sharing a common MEMS buffer/cache pool between all the RAID drives.

However, single-disk solutions cannot be directly applied to this configuration.

Since the buffer/cache resources are now common rather than being completely

exclusive, new sharing and protection schemes need to be introduced.

Figure 6.5(b) depicts the stream flows in this configuration for the integrated

hardware architecture. Disk drives that are more loaded than others use up more

of the MEMS buffer and cache space as well as bandwidth. Even in the case of

load imbalance or bit rate heterogeneity, all MEMS resources are utilized. Since

all the available MEMS buffer/cache bandwidth is utilized, DRAM requirement

is also minimized.

(a) Predicted throughput curves

Throughput

S              2S 4S Buffer Size

T

T

T

4

1

2

(b) Typical throughput curve

Figure 6.7: Throughput characteristics of NUMA storage.

The potential improvement due to an integrated MEMS buffer over the par-

titioned can be best explained using throughput curves. Figure 6.7 represents

the predicted and typical throughput curves for non-uniform access storage de-

vices. Figure 6.7(a) shows the superior access characteristics of the MEMS
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device compared to the disk drive for hypothetical year 2007 devices. Since the

MEMS device is able to achieve higher throughput utilizations at a lower aver-

age IO size, it is able to reduce DRAM buffering cost by an order of magnitude

for streaming workloads while enabling higher disk throughputs as a low-cost

buffer [63]. In the context of multiple disk RAID systems, a partitioned MEMS

buffer may limit disk throughput for disks with higher load due to less available

MEMS buffer space (Figure 6.7(b)) as compared to the integrated configuration

which allows for all available MEMS buffer space to be shared. At the same

time, the integrated MEMS buffer consolidates all the available MEMS buffer

bandwidth for proportionate sharing and thus improves the overall through-

put characteristics of the MEMS buffer bank. More available MEMS buffer

bandwidth in turn reduces DRAM buffering cost.

In the integrated configuration, since all the drives may access any portion of

the buffer/cache, contention for the resources makes the solution more complex

than that for the partitioned configuration. To resolve space and bandwidth

contention, new data placement and IO scheduling strategies are required. Since

these resources are now part of a common pool, they must be dynamically

allocated based on the load on the individual disk drives. The resource allocation

strategy must accommodate both overload and under-load at the individual

drives. At the same time, it is also important that bandwidth and space load

on the individual devices in the MEMS device pool is balanced to minimize the

DRAM requirement and improve the overall throughput of the storage system.

We now outline the resource allocation strategy for both space and band-

width on the MEMS devices. To absorb overload at an individual drive, the

resource allocator does not differentiate between disks and disk IOs. Its view

of the RAID is equivalent to a single device from where all IOs are executed.

Whenever a new stream is serviced on a disk drive, the MEMS space and band-

width resources required for the stream is allocated based on the load on the

individual MEMS devices.
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One observation to make here is that the space and bandwidth requirements

for a given stream are proportional to each other1. However, the bandwidth

resource is not easily time-shared and a significant, non-uniform switching over-

head exists when serving more than one stream. As a result, a balanced space-

load does not imply a balanced bandwidth-load and vice-versa.

Resource allocation and Load balancing

A purely space-based or purely bandwidth-based resource allocation and

load-balancing is unlikely to yield good overall performance. A bandwidth-

loaded device may be the least space-constrained device. Similarly a space-

constrained device, may possess adequate spare bandwidth. Our resource allo-

cation strategy combines space-based and bandwidth-based allocation into one.

The time-cycle utilization of a MEMS device gives a good approximation

of how resource constrained the device is on both counts. A space-constrained

device utilizes more of the time-cycle for data transfers, whereas a bandwidth-

constrained device utilizes more of the time-cycle for both switching as well as

data transfers. The MEMS devices in the pool are sorted according to their

time-cycle utilizations. When a new stream must be served, the MEMS device

with the least utilized time-cycle is picked. If the buffer space available on

the device is insufficient for the new stream, the next device in the sorted list

is chosen. This procedure is followed till a device satisfying both space and

bandwidth requirements is found.

Figure 6.8 shows the IO operations scheduled on the MEMS devices for

the duration of a MEMS IO cycle. The number and nature of streams served

(N) is the same as that in the partitioned case (shown in Figure 6.6). In the

integrated case, all the available MEMS devices are utilized regardless of the

load distribution on the disk drives. A simple round-robin strategy is used to

1Here, we assume that all disk drives operate the same IO cycle duration. In reality,
however, this observation holds even under more relaxed assumption. Exploring the validity
extent of this observation must be left to a separate study.

116



1

���
���
���

���
���

���
���
���

���
���

���
���
���

���
���1 2

2

4

5

3

6

4 5 6
���
���
���

���
���

	�	
	�	
	�	


�


�


���
���
���

���
���

Data Transfer

MEMS  IO Cycle

Seek

time

3
Disk 1

Disk 2

Disk 3

MEMS 1

MEMS 2

MEMS 3

MEMS 4

MEMS 5

MEMS 6

Figure 6.8: Integrated Scheduling.

balance the IOs on the MEMS buffer. Also notice that the MEMS IO cycle

duration is considerably shortened. Since the DRAM buffering requirement is

directly proportional to the length of the MEMS IO cycle, the integrated MEMS

buffer/cache configuration minimizes the DRAM buffering cost for a given IO

workload.

Although the above strategy may work for a simply load-imbalanced system,

bit-rate heterogeneity adds additional complexity to the problem. When the

load and bit-rates are both imbalanced, it is necessary to balance both the

number of streams buffered as well as the bandwidth requirement of each MEMS

device. One possible heuristic to this end is to assign each stream from a disk

to a MEMS device in the bank in a round-robin fashion. This would distribute

the number of streams equally over all the MEMS devices. If the variance in

bit-rate of streams from a single disk is not significant, this strategy would work

well. Another heuristic first tries to balance the bandwidth requirement of the

MEMS devices. In the case that the bandwidth requirements are balanced,

the heuristic assigns any new stream to the MEMS device which serves the

minimum number of streams.

In the next section, we evaluate the performance of the integrated MEMS

buffer using combination of the above approaches for a restricted domain of
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load-imbalance and bit-rate heterogeneity.

6.3 Experimental Evaluation

This section presents an experimental evaluation of a streaming multimedia

system equipped with MEMS storage. The evaluation presented in this section

is based on the analytical model introduced in [63].

Parameter FutureDisk G3 MEMS DRAM
RPM 20, 000 – –
Max. bandwidth [MB/s] 300 320 10, 000
Average seek [ms] 2.8 – –
Full stroke seek [ms] 7.0 0.45 –
X settle time [ms] – 0.14 –
Capacity per device [GB] 1,000 10 5
Cost/GB [$] 0.2 1 20
Cost/device [$] 100–300 10 50–200

Table 6.1: Performance characteristics of storage devices in the year 2007.

To model the performance of the MEMS device, we closely followed one such

model proposed by researchers at Carnegie Mellon University. The work in [71]

describes their model comprehensively. For our experiments, we use the “3rd

Generation” (G3) MEMS device model proposed in [71]. We obtained predic-

tions for disk-drive and DRAM performance by using projections on current-day

devices produced by Maxtor [50] and Rambus [59], respectively. These are sum-

marized in Table 6.1.

In our experiments the average bit-rate of streams, B̄, was varied within

the range of 10KB/s to 10MB/s. Since the maximum bandwidth of the Fu-

tureDisk, Rdisk, is 300MB/s, it can support tens of high-definition streams at

a few megabytes per second each, more than a hundred compressed MPEG2

(DVD quality) streams at 1MB/s, or a thousand DivX (MPEG4) streams at
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100KB/s, or even tens of thousands of MP3 audio at a bit-rate of 10KB/s. To

minimize the mis-prediction of seek-access characteristics for the MEMS device,

we assume that MEMS accesses, L̄mems, always experience the maximum device

latency. We use scheduler-determined latency values, L̄disk, for disk accesses.

The disk IO scheduler uses elevator scheduling to optimize for disk utilization.

In a RAID system supplied with a MEMS buffer bank, the MEMS buffer can

be managed in either of the two configurations: partitioned or integrated. While

the partitioned scheme offers the advantages of simplicity and potentially lesser

IO bus traffic, it has performance drawbacks in certain settings. We alluded

to these settings earlier in Section 6.2. Additional parameters in a streaming

RAID system may lend a partitioned MEMS buffer to be cost and performance

bottleneck and even make it unsuitable for a region of the parameter space. The

additional parameters in a streaming RAID system are:

• Load imbalance (i)

• Bit-rate heterogeneity (h)

Although these definitions for these parameters (presented in Section 6.2) are

restrictive, we use these parameter definitions to conduct an initial evaluation of

the partitioned and integrated configurations. Varying other parameters apart

from the above two can create different workloads. However, we feel that these

two parameters are sufficient to conduct an initial evaluation.

We now conduct an evaluation of the effect of these parameters on each

configuration, namely the partitioned and integrated MEMS-buffer. For both

parameters, we determine the MEMS buffer-space and the DRAM buffer re-

quired to support a given IO load.
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6.3.1 Effect of load imbalance

We first explore the effect of an imbalanced load on the individual RAID

disks on each configuration. In the following experiment, we assume that all the

streams serviced by the system have the same bit-rate. The load distribution

on the disk drives in the RAID is set to follow an exponential distribution.
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Figure 6.9: Improvement in DRAM requirement of integrated over partitioned
for different average disk utilization values.

Figure 6.9 depicts the improvement in DRAM requirement of the integrated

configuration over the partitioned configuration. This improvement is the ratio

of the DRAM requirement of the partitioned to the integrated configuration.

When the disks are running at a low average utilization (Figure 6.9(a)), most of

the disk as well as the MEMS devices are operating in the region below the knee

of the disk utilization curve (depicted in Figure 6.7) for the partitioned configu-

ration. Hence the average IO size, and consequently the DRAM requirement, is

small. The integrated configuration, however, still offers potential improvement

by reducing the DRAM requirement even in such a case. This is simply because

the uneven disk load is evenly distributed over the MEMS bank and no single

MEMS device is overloaded. When the disks are made to operate at a higher

average utilization (Figure 6.9(b)), a significant number of the disks and MEMS
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devices are now made to operate in the region above in the knee in the disk

utilization curve. By distributing the load evenly over all the MEMS devices,

the integrated configuration offers significant savings in DRAM requirement of

as much as 5X.

We also note that the reduction in DRAM requirement does not vary sig-

nificantly for different bit-rates. In fact, this improvement depends only on the

product of the bit-rate and the number of streams served by the system, which

is a constant for a given disk utilization. The slight difference we notice is due to

the change in disk access overhead depending on the actual number of streams

served.

Finally, we notice that the improvement levels off at higher values of load-

imbalance. This quirky behavior is because of the way load-imbalance metric

is defined. At higher values, although the load-imbalance value changes dras-

tically, the actual load does not change significantly and therefore the DRAM

requirements for either configuration do not change significantly.
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Figure 6.10: DRAM requirement for load imbalance (i) = 2.

Figures 6.10 and 6.11 show the actual DRAM requirement for the partitioned

and integrated configurations under different load conditions and for different
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Figure 6.11: DRAM requirement for load imbalance (i) = 10.

average bit-rates. For each curve, we also assume that all streams share the

same bit-rate. We vary the total number of streams serviced by the system

and load the system to the point when the disks simply do not possess the raw

throughput required to support all the streams. As observed for the single-

disk case, streaming 10MBps HDTV streams requires far lesser DRAM than

10KBps mp3 streams. Due to a balanced MEMS buffer load in the integrated

configuration, it can support more number of streams than the partitioned case,

given a fixed amount of DRAM.

Figure 6.12 shows the ratio of the DRAM requirements for the partitioned

and integrated configurations for the same experiment. The trend shows an

increase as the number of streams are increased for a given average bit-rate.

This is expected because the load on the disks and MEMS devices increases

thereby also increasing the actual difference in load. The maximum improve-

ment is different for different bit-rates because at these points the total streamed

bandwidths are also different. Savings in DRAM are as much as 1.47X for a

load-imbalance of 2 and as much as 3.3X for a load-imbalance of 10. For a

greater load-imbalance, these values will be higher.
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Figure 6.12: Improvement in DRAM requirement of integrated over partitioned
for different load imbalance values.

The IO Bus Bottleneck: Although it seems as if the integrated configura-

tion will always perform better than the partitioned, it may not be the case. If

the storage hardware is set up such that the MEMS buffer is an independently

accessed device on the IO bus, the IO bus bandwidth requirement is twice the

total streamed bandwidth as mentioned earlier in Section 6.1. In Figure 6.13

we limit the IO bus bandwidth to the sum of the maximum throughputs of

the eight RAID drives. The improvement of the integrated over the partitioned

increases rapidly at lower disk utilizations. However, the integrated configura-

tion performs worse than the partitioned over total system utilizations of 50%

because of insufficient IO bus bandwidth.

6.3.2 Effect of bit-rate heterogeneity

Apart from load-imbalance, bit-rate heterogeneity is another factor for an

uneven space load on the MEMS buffer. In the case of bit-rate heterogeneity the

MEMS buffering requirement for each disk is different. The integrated config-

uration can handle bit-rate heterogeneity by distributing the MEMS buffering

requirement for each disk over all the MEMS devices in the MEMS bank.
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Figure 6.13: Improvement in DRAM requirement of integrated over partitioned
in the presence of limited IO bus bandwidth.

It is important to point out here that bit-rate heterogeneity does not impact

the total DRAM requirement. If all the disk throughputs are the same, the

MEMS device throughputs are also the same. Since the total number of streams

serviced by the entire system is also a constant, the product of the average IO

size for the entire MEMS bank and the total number of streams gives us the

DRAM requirement, a constant value. We now explore the effect of bit-rate

heterogeneity on the MEMS buffering requirement for both configurations.

To obtain Figure 6.14, we conduct the following experiment. Keeping the

total bandwidth requirement of each disk constant, we vary the average bit-rate

streamed by the disks by using employing bit-rate heterogeneity (h). Disks with

lower indices stream a lower average bit-rate than those with higher indices.

Figure 6.14 presents the MEMS buffering requirement for each disk for h = 2.

This represents a factor of two difference between the lowest average bit-rate

to the highest average bit-rate. In a system that serves a heterogeneous mix

of streaming media, this is reasonable to expect. For the integrated case, the

MEMS buffering requirement is uniform across all the MEMS devices and does

not depend on individual disks. It is therefore a horizontal line for each value

124



 1e-05

 0.0001

 0.001

 0.01

 0.1

 1

 10

 100

 1000

 10000

 0  1  2  3  4  5  6  7  8  9

M
E

M
S

 r
eq

ui
re

m
en

t (
G

B
)

Disk Index

Total throughput
10 MB/s

100 MB/s
1000 MB/s

10000 MB/s
100000 MB/s

(a) Partitioned MEMS buffer

 1e-05

 0.0001

 0.001

 0.01

 0.1

 1

 10

 100

 1000

 10000

 0  1  2  3  4  5  6  7  8  9

M
E

M
S

 r
eq

ui
re

m
en

t (
G

B
)

Disk Index

Total throughput
10 MB/s

100 MB/s
1000 MB/s

10000 MB/s
100000 MB/s

(b) Integrated MEMS buffer

Figure 6.14: MEMS buffer requirement for individual disks for bit-rate hetero-
geneity (h) = 2.

of the total system throughput. For the partitioned case, since the number of

streams serviced by a disk with a lower average bit-rate is greater, disks with

lower average bit-rate require more MEMS buffer space than ones which serve

high bit-rate streams. This variance in MEMS buffer space requirement, though

small, can lead to inadequate MEMS buffer for certain disks and thereby reduce

the overall throughput of the system.

Figure 6.15 presents the MEMS buffering requirement for each disk for h =

1000. If a system divides the streams over the disks based on their bit-rates,

some disks may service streams with significantly lower bit-rate than others.

There is a factor of 1000X in the bit-rates of mp3s and HDTV streams. That

being the case, the variance in MEMS buffering requirement is a few orders

of magnitude. With a 20GB partitioned MEMS buffer per disk, only system

throughputs lesser than 10, 000MB/s can be supported. For the integrated

case, this value is higher and can be estimated in the range of approximately

25, 000MB/s.

125



 1e-05

 0.0001

 0.001

 0.01

 0.1

 1

 10

 100

 1000

 10000

 0  1  2  3  4  5  6  7  8  9

M
E

M
S

 r
eq

ui
re

m
en

t (
G

B
)

Disk Index

Total throughput
10 MB/s

100 MB/s
1000 MB/s

10000 MB/s
100000 MB/s

(a) Partitioned MEMS buffer

 1e-05

 0.0001

 0.001

 0.01

 0.1

 1

 10

 100

 1000

 10000

 0  1  2  3  4  5  6  7  8  9

M
E

M
S

 r
eq

ui
re

m
en

t (
G

B
)

Disk Index

Total throughput
10 MB/s

100 MB/s
1000 MB/s

10000 MB/s
100000 MB/s

(b) Integrated MEMS buffer

Figure 6.15: MEMS buffer requirement for individual disks for bit-rate hetero-
geneity (h) = 1000.

6.4 Summary

In this chapter, we proposed new architectures for storage systems using

MEMS-based storage, an emerging technology, and evaluated its value for real-

time multimedia applications. We explored the impact of integrating emerging

storage technology into existing storage architectures on the class of streaming

media applications. This approach was a specific-case solution for the more

general problem of managing heterogeneous data and storage. We proposed

rules-of-thumb for partitioning data types across storage devices. We presented

hardware architectures and logical hardware abstractions as well as proposed

and evaluate mechanisms for managing heterogeneous streaming storage sys-

tems that can also support real-time streaming data. We demonstrated that an

integrated MEMS buffer can handle both load-imbalance and bit-rate hetero-

geneity in a RAID-based real-time storage system.
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Chapter 7

Related Work

7.1 Quality of Service: Disk Drives

Video broadcasting and multicasting have been used in some cable-based or

satellite-based movie-on-demand channels, in which requests for a movie arriv-

ing within a period of time are “grouped” (i.e., batched) together and served

with a single stream [44, 42, 85]. Schemes have been proposed to support view-

ing interactivity in a broadcast (or multicast) environment [3, 15, 57]. However,

these schemes often double the bandwidth requirement for clients or require a

considerable amount of client buffering. In this paper, we propose a client/server

dual architecture that manages media data for enabling interactivity between

broadcasters/multicasters and clients.

Several schemes have been proposed for supporting fast-scans. These can be

classified into three approaches:

1. Increase playback rate. This approach increases the playback frame rate

for supporting a fast-scan operation. But, this method is impractical, since no

TV can display more than 30 frames per second. Second, the IO bandwidth,

memory use, and CPU overhead can be exceedingly high.

2. Use separate fast-scan streams [10, 76, 75, 82]. This approach cannot be
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used in the broadcast (or multicast) scenario because a program is broadcast

at a single rate. We can add a unicast channel to deliver fast-scan data, but

this provision would require additional network bandwidth.

3. Skip frames in the regular stream [24]. The frame-skipping approach, if not

designed carefully, can cause low IO-resolution and consequently low system

throughput. However, if we break a sequential IO into small IOs to read every

kth frame, we can end up with worse, rather than better, IO performance. We

believe that skipping frames is nevertheless the right approach for supporting

fast-scans under our dual client/server setting. In this study, we have proposed

methods to improve IO resolution and to reduce IO overhead in order to

implement this approach efficiently.

Data placement and IO scheduling for improving disk throughput have been

studied extensively in the context of multimedia file systems [8, 55, 76, 75, 82,

98]. Most work has been done on read-only systems like video-on-demand, and

have not explored simultaneous storage and retrieval of video streams. Even in

read-only systems, low-level device optimizations have not been explored. Our

work offers a low-level optimized solution to simultaneous storage and retrieval

of continuous media. Low-level data placement and IO scheduling strategies can

also improve the performance of read-only systems like multimedia data servers.

We differentiate our approach from previous efforts in two respects:

1. Fine-grained device management: We collect detailed disk parameters di-

rectly from a disk to make more effective real-time device management deci-

sions.

2. Integrated device management: We provide an integrated strategy, from

disk feature extraction, data organization, and data placement, to IO schedul-

ing. We show that trade-offs often exist between design parameters, and we

propose methods to find optimal trade-offs under different workload scenarios.

Several previous studies have focused on the problem of disk feature extrac-
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tion. Worthington, Ganger, et al. [68, 92] extract disk features in order to model

disk drives accurately. Both studies rely on interrogative SCSI commands to

extract the LBA-to-PBA mapping from the disk. Patterson et al. [81] present

several methods for empirical feature extraction, including an approximate map-

ping extraction method. In [1], the authors propose methods for obtaining de-

tailed temporal characteristics of disk drives, including methods for predicting

rotational delay. Diskbench is open source and available for download [20]. At

this time, we are not aware of any other disk feature extraction tool which is

currently available for download as open source, and which runs on a widely

available operating system without any kernel modifications.

Multimedia file-system efforts in recent years include [33, 35, 49, 52, 74, 80].

Of these, the industry initiatives usually do not disclose their implementations.

To the best of our knowledge, unlike XTREAM, existing admission controllers

for streaming multimedia systems do not use disk modeling based on low-level

disk profiling. In our work, most of the storage management policies are based

on accurate low-level profiling of disk parameters.

To decrease the response time of disk IO requests, we proposed semi-preemptible

disk IO. Before the pioneering work of [14, 52], it was assumed that the na-

ture of disk IOs was inherently non-preemptible. In [14], the authors proposed

breaking up a large IO into multiple smaller chunks to reduce the data transfer

component (Ttransfer) of the waiting time (Twaiting) for higher-priority requests.

A minimum chunk size of one track was proposed. In this paper, we improve

upon the conceptual model of [14] in three respects: 1) in addition to enabling

preemption of the data transfer component, we show how to enable preemption

of Trot and Tseek components; 2) we improve upon the bounds for zero-overhead

preemptibility; and 3) we show that making write IOs preemptible is not as

straightforward as it is for read IOs, but we propose one possible solution.
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7.2 Quality of Service: MEMS storage

Multimedia workloads fall into two main categories: (1) best-effort and (2)

real-time. Text and image data require a best-effort service. In most cases,

retrieval of these data require prompt service and must be starvation-free. Con-

tinuous data forms like audio and video fall into the real-time category, impos-

ing real-time requirements on data retrieval. The best-effort class of multimedia

data usually displays spatial and/or temporal locality attributes. Traditional

caching policies [77] are well suited for such applications. The work of [71] shows

that including a MEMS-based cache in the storage hierarchy can improve I/O

response time by up to 3.5X for best-effort data.The focus of this work is to

examine if such an addition can also improve the performance of the real-time

class of multimedia data.

To service real-time disk IOs, two classes of scheduling algorithms have been

proposed. Quality Proportion Multi-Subscriber Servicing (QPMS or time-cycle

based scheduling) [60] and the Earliest Deadline First (EDF) [14] are represen-

tative scheduling algorithms. Several improvements to these algorithms have

been since investigated [8, 84, 52, 73]. In this thesis, we built upon the time-

cycle model [60] for scheduling continuous media on MEMS devices. 1

Scheduling multimedia streams on a k-device MEMS bank is similar to

scheduling streams on a disk array. However, using a MEMS bank as a disk

buffer must consider the real-time requirements between the disk and MEMS

storage as well as between MEMS storage and DRAM. On the other hand, disk

load balancing policies [11, 66, 90, 91] are directly applicable to a MEMS bank

when it is used as a cache. We investigated two representative policies from

previous work on disk arrays for a MEMS bank.

1Of the two classes of continuous media schedulers, the time-cycle based scheduler has
gained popularity due to its simplicity and inherent support for timing guarantees for indi-
vidual streams. Apart from this, the time-cycle service model also simplifies admission control
and the incorporation of starvation-free service for non-real-time data.
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Research effort is also underway to explore other aspects and applications

of MEMS-based storage. In [96], the authors exploit the two-dimensional na-

ture of MEMS-storage access and develop a tabular data placement scheme for

relational data. They show that using MEMS storage can improve IO utiliza-

tion and cache performance for relational data. In a recent study, the authors

have also demonstrated data placement techniques on the MEMS device for the

general problem of declustering two-dimensional data [97]. In [43], the authors

present power conservation strategies for MEMS-based storage devices. There

has been a fair amount of interest in modeling and simulating MEMS-based

storage [23, 29, 30]. So far in our work, we have used the CMU model [30] for

the MEMS-based storage device.

Using assistive storage technologies can enhance the performance of disk-

based storage systems significantly. MEMS-based storage devices in particu-

lar play a complementary role to that of disk drives and can aid in designing

high-performance storage systems. This approach to improving storage sys-

tem performance is gaining momentum. Schlossler et. al. [71] have proposed

using MEMS-based storage devices as a disk cache and have reported a 3.5X im-

provement in IO response time for best-effort data. Uysal et. al. [87] report that

replacing disk arrays entirely or partially with MEMS-based storage improves

storage latency as well as throughput significantly for file-system and database

traces over conventional arrays. Ying et. al. [95] also report about lower power

consumption of MEMS-based storage devices compared to disk drives.

The emergence of MEMS-based storage devices may change existing storage

architectures. One interesting aspect is the combination of disk drives with

MEMS storage. There are many possible ways to combine disk drives with

MEMS storage. In [87], the authors investigate few disk array architectures

where the use of MEMS storage is most beneficial. They propose a number of

novel architectures to examine the potential placements of MEMS-based storage

in a disk array. They show that replacing disks with MEMS-based storage or
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by using hybrid MEMS/disk arrays, can provide substantial improvements in

performance and cost/performance over conventional arrays.

Following a similar direction, we extended our initial work on caching and

buffering real-time data on MEMS-based storage [63] to address the problem

of managing multiple disks and MEMS-based storage banks. We introduce the

general problem of managing heterogeneous data and storage and propose rules-

of-thumb for partitioning data types across different storage components. We

propose high-level hardware architectures for a heterogeneous storage system

that contains both disk drives and MEMS-based storage components. We then

propose abstractions for these architectures, specifically the partitioned and

integrated MEMS abstractions. Finally, we propose and evaluate data allocation

and real-time IO scheduling strategies for a disk-MEMS heterogeneous storage

system.
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Chapter 8

Concluding Remarks

In this chapter, we present a brief summary of the dissertation highlighting

its significant contributions. We then present possible directions in which the

work presented here can be extended in the future.

8.1 Dissertation Summary

In this dissertation, we addressed the problem of real-time storage using

two principal approaches. First, we fine-tuned existing disk-only storage sys-

tems by proposing, implementing, and evaluating new strategies for providing

guaranteed-rate IO (using real-time IO scheduling and admission control), best-

effort IO completion (by bandwidth reservation for non-real-time IOs), high-

throughput (using data placement and IO scheduling), and short response time

(using semi-preemptible IO). Unlike earlier approaches, these strategies are de-

signed and implemented using accurate knowledge of low-level disk parameters

provided by Diskbench, our disk profiling tool. These strategies lead to signif-

icant improvement in storage system performance over existing solutions and

traditional file-systems.

Second, we proposed new architectures for storage systems using MEMS-
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based storage, an emerging technology, and evaluated its value for real-time

multimedia applications. We explored the impact of integrating emerging stor-

age technology into existing storage architectures on the class of streaming me-

dia applications. This approach was a specific-case solution for the more general

problem of managing heterogeneous data and storage. We proposed rules-of-

thumb for partitioning data types across storage devices. We presented hard-

ware architectures and logical hardware abstractions as well as proposed and

evaluated mechanisms for managing heterogeneous streaming storage systems

that can also support real-time streaming data. We demonstrated that an inte-

grated MEMS buffer can handle both load-imbalance and bit-rate heterogeneity

in a RAID-based real-time storage system.

8.2 Future Work

The research presented in this dissertation can be further explored and ex-

tended in at least two directions.

With respect to disk-only real-time storage solutions, we can improve upon

the Diskbench-based approaches presented here. Semi-preemptible IO [18] is

a powerful capability which has not been fully explored [19]. In a multi-

programmed, multi-priority IO system, Semi-preemptible IO provides the ad-

ditional capability of preempting long-running IO jobs in favor of retrieving

more urgently required data. Although dominant in real-time CPU scheduling,

preemptive scheduling algorithms is so far unexplored territory in the storage

world for scheduling IO requests. Classical real-time CPU scheduling theory

cannot be directly applied to storage devices, since they exhibit a significant,

non-uniform switching overhead. Existing theories for real-time scheduling need

to be modified, or new theories need to be developed, to account for this differ-

ence.

With respect to heterogeneous storage systems, we have proposed a possible
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direction toward building real-time storage systems comprising of disk drives

and MEMS-based storage and have demonstrated that they are superior in

terms of both cost and performance metrics. We have however just scratched

the surface of this emerging area and a lot more needs to be done to develop

a generalized architecture and design for heterogeneous storage systems that

comprise of multiple storage device types and that can simultaneously support

a wide variety of data. Such systems bring up issues of architectural framework,

space and bandwidth partitioning, IO bus contention, and support for real-time

as well as non-real-time data within the same system. Heterogeneous storage

systems are critical to support the next generation of applications and services

in a cost-effective manner.
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