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Abstract

Recent studies on operating system support for highly concur-
rent online servers mostly target CPU-intensive workloads with
light disk 1/0 activities. However, an important class of online ap-
plications that access alarge amount of disk-resident data, such as
theindex searching of large-scal e Web search engines, hasreceived
limited attention. This paper examines operating system tech-
niques to improve the throughput of data-intensive online servers
under concurrent execution. Our contributions are two-fold. First,
we propose a competitive prefetching strategy that balances the
overhead of disk 1/0 switching and the wasted I/O bandwidth of
prefetching unnecessary data. Second, we enhance the operating
system memory management to reduce prefetching-incurred page
thrashing at high concurrency levels. Our enhancements include
the introduction of a new cache dedicated to prefetched pages and
anovel page reclamation algorithm for it.

We have implemented the proposed techniques in the
Linux 2.6.3 kernel and conducted experiments based on mi-
crobenchmarks and three real applications (an index searching
server, the Apache Web server, and a genetic sequence database).
Our evaluation results demonstrate that competitive prefetching
can improve the throughput of real applications by up to 47% at
low concurrency while the enhanced memory management scheme
can produce up to a four-fold performance enhancement at high
concurrency. The performance improvement is achieved without
any application changes.

1 Introduction

Rapidly emerging Internet services allow interactive ac-
cess from a large number of concurrent users. Inside these
online servers, simultaneous requests are often managed by
multiple processes or threads. Earlier studies have identi-
fied a number of overheads incurred by server concurrency
management, including TLB misses, scheduling overhead,
and lock contention. Techniques, such as event-driven con-
currency management [26, 34] and user-level threads [33],
have been proposed to avoid kernel-level context switching
and to reduce the overhead of synchronization. However,
such techniques mostly target CPU-intensive workloads
with light disk 1/O activities (e.g., the typical Web server
workload and application-level packet routing). In compar-
ison, system-level support for concurrent online workloads
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that access alarge amount of disk-resident data has received
limited attention. Examples of such servers include large-
scale Web search engines [4] that support interactive search
on terabytes of indexed Web pages and the bioinformatics
database GenBank [5] that allows online queries on over
100 GB genetic and protein sequence data.

For data-intensive online servers, disk I/O performance
dominates the overall system throughput when the dataset
size far exceeds the available server memory. During con-
current execution, data access of one request handler can be
frequently interrupted by other active request handlersin the
server. Such a phenomenon, which we call disk I/O switch-
ing, may severely affect |/O efficiency dueto long disk seek
and rotational delays. Anticipatory disk 1/0 scheduling [15]
aleviates this problem by temporarily idling the disk so that
consecutive 1/0 requests that belong to the same request
handler are serviced without interruption. However, antic-
ipatory scheduling may not be effective when substantial
think time exists between consecutive I/O requests or when
the request handler has to perform some interleaving syn-
chronous I/0 that does not exhibit strong locality.

In this paper, we investigate kernel-level techniques to
improve the performance of data-intensive online servers.
First, we examine the effectiveness of using a large 1/0
prefetching depth with the goa of reducing the disk 1/O
switching overhead. Due to insufficient knowledge of ap-
plication data access patterns, aggressive prefetching must
control the amount of 1/O bandwidth wasted on prefetch-
ing unnecessary data. Using a simple model, the achieved
1/0 throughput of our strategy (called competitive prefetch-
ing) is shown to be at least half that of the optimal offline
prefetching.

I/0 prefetching can consume a significant amount of
server memory, especialy for highly concurrent online
workloads. Such memory contention may result in the
eviction of prefetched pages before they are accessed,
or prefetching-incurred page thrashing. To minimize
prefetching-incurred page thrashing, we manage prefetched
but not-yet-referenced pages separately from other pagesin
the memory system and we propose a novel page reclama-
tion policy for such pages. Our agorithm gives higher pri-
ority to pages whose prefetching processes® have had less

1Unless stated otherwise, a process represents a process or a kernel
thread in the rest of this paper.



chanceto run since the time of the prefetch operation.

The rest of the paper is organized as follows. Section 2
discusses the characteristics of targeted data-intensive on-
line serversand describesthe existing OS support. Section 3
and Section 4 present the design of our proposed kernel-
level techniquesand their implementationin the Linux 2.6.3
kernel. Section 5 provides the performance results based
on microbenchmarks and three real applications. Section 6
discusses several remaining issues. Section 7 describes the
related work and Section 8 concludes the paper.

2 Background
2.1 Targeted Applications

Our work focuses on online servers supporting highly
concurrent workloads that access a large amount of locally
attached disk-resident data. In such servers, each incoming
request is serviced by a request handler upon arriving from
the network (shown in Figure 1). The request handler then
repeatedly accesses disk data and consumesthe CPU before
completion. A request handler may block if the needed re-
sourceis unavailable. While request handlers consume both
disk I/0 and CPU resources, the overall server throughputis
often dominated by the disk I/O performance when the ap-
plication data size far exceeds the avail able server memory.
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Figure 1. Concurrent application execution in adata-intensive on-
line server.

We make the following assumptions on our targeted
workloads: 1) request handlers perform mostly read-only
1/0O when accessing disk-resident data; and 2) a substantial
fraction of the disk I/O follows a sequential access pattern.
Note that we alow request handlers to perform some inter-
leaving /O that deviates from the sequential access pattern.
Applications that retrieve files in request handlers, such as
Web and FTP servers, satisfy our assumptions. More com-
plex applications are usually carefully constructed to follow
mostly sequential access patterns in order to achieve effi-
cient disk I/O.

In many data-intensive online servers, request handlers
read a portion of the desired data at atimeinstead of retriev-
ing the complete data into application-level buffersat once.
This is due to at least the following reasons. First, appli-
cations such as the index searching scan across the hosted
dataset and look for a certain number of matches depend-
ing on the data content. Consequently, request handlers for
these applications do not know a priori the exact amount

of desired data. Second, applications that employ memory-
mapped I/O do not directly initiate I/O operations while the
OS kernel does not know the exact amount of data needed
by the application. Third, retrieving the complete data into
application-level buffers at once would result in significant
double buffering and thus increase memory contention. For
instance, the Apache Web server reads an 8KB chunk at a
time when transferring large Web objects 2.

2.2 Existing OS Support

Using Linux 2.6.3 kernel as an example, we briefly de-
scribe existing OS support that is mostly relevant to our
work. This includes memory management, 1/O prefetch-
ing, and the disk scheduling. L RU-style page cache replace-
ment algorithms are commonly used in modern operating
systems. Linux employstwo LRU lists. an active list used
to cache hot pages and an inactive list used to cache cold
pages. Prefetched pages are initialy attached to the tail of
the inactive list. When the available memory fals below
a reclamation threshold, an aging agorithm moves pages
from the active list to the inactive list and cold pages at the
head of the inactive list are considered first for eviction.

Linux supports a conservative prefetching algorithm that
may read up to 32 pages (128KB) in advance during se-
guential file accesses. For each sequential file stream, two
access windows, the current and the ahead windows, are
used to control prefetching. The application consumes data
in the current window while the operating system prefetches
data into the ahead window. When a page in the ahead
window is accessed, a new |/O prefetch operation is initi-
ated and the ahead window becomes the new current win-
dow. Prefetching starts with an initial depth of 16 pages
(64KB) and soon increases to 32 pages if the access pat-
tern is deemed as sequential. Typical series of prefetching
depths used for a sequential access stream are: 16 pages
— 18 pages — 32 pages — 32 pages — ... The Free-BSD
FFS performs prefetching somewhat differently, but its max-
imum prefetching depth defaults similarly to 32 file system
blocks.

Linux supports an elevator-style disk scheduler that is
similar to cyclic SCAN. In addition, it provides an imple-
mentation of anticipatory scheduling [15]. At the comple-
tion of an 1/O request, the anticipatory disk scheduler may
choose to keep the disk idle for a short period of time even
when there are pending requests. The scheduler does so in
anticipation of a new 1/0 reguest from the process that is-
sued the just completed request, which often requires little
or no seeking from the current disk head location. Antici-
patory scheduling leadsto significant performanceimprove-
ment for concurrent workloadswhere al requests, issued by
an individual process, exhibit strong locality.

2When the OS supports the sendfile system call, the Apache Web
server utilizes this system call to directly transfer the content of afile into
an outgoing network socket, thus removing the application-level buffering.



2.3 Limitation of Existing OS Support

Existing OS mechanisms are inadequate for efficient sup-
port of data-intensive online servers. For example, frequent
I/0 switching among multiple sequential access streams
combined with conservative 1/0 prefetching may result in
a large number of piecemeal disk 1/O accesses. This leads
to severe performance penalties due to the high seek and
rotational delays of modern disks. Although anticipatory
scheduling can aleviate such a problem to a certain ex-
tent, its effectivenessis limited when substantial think time
exists between consecutive 1/O requests. The anticipation
may also be rendered ineffective when a request handler
has to perform someinterleaving synchronous 1/O that does
not exhibit strong locality. Such a situation arises when
a request handler simultaneously accesses multiple data
streams. For example, the index searching server needs to
produce the intersection of multiple sequential keyword in-
dexes when answering multi-keyword queries. In addition,
the locality of 1/O requests from an individual process may
also be interrupted by random page faults during high mem-
ory pressure.

1/0O prefetching can create significant memory demands.
Such demands can result in severe contention at high
concurrency levels, where many request handlers in the
server are simultaneously competing for memory pages for
prefetching. LRU-style replacement policies are misplaced
in such a context because they fail to give enough priority
to pages that are prefetched but not yet referenced. When
contention exceeds a certain threshold, a prefetched page
may be evicted before its prefetching request handler gets
a chance to access it. Such a page will have to be fetched
again, wasting I/0O bandwidth. For instance, assume page
p1 is prefetched and then accessed at ¢; while page p- is
prefetchedat ¢, and it has not yet been accessed. If ¢1 occurs
after t5, then po may be replaced first under the LRU though
it is more likely to be useful in the near future. We call
such a phenomenon prefetching-incurred pagethrashing. In
addition to wasting resources on repetitive fetching, page
thrashing also creates many inefficient single-page fetches.
When Linux encounters a page that has been prefetched
earlier but then evicted, a single page read is initiated on
that page and the request handler blocks. Such a disrup-
tion results in a high 1/O switching rate and thus signifi-
cantly affects the disk I/O efficiency. Figure 2 illustrates
the performance of a trace-driven index searching bench-
mark under the original Linux 2.6.3 kernel. The details
about the benchmark and the experimental settings can be
found in Section 5.1. We show the I/O throughput and page
thrashing rate for up to 512 concurrent request handlersin
the server. Because of frequent 1/0 switching, the appli-
cation 1/0 throughput is no more than 16.3MB/sec, which
is below one third of the sequential disk transfer rate. At
high execution concurrency, the 1/0 throughput drops dra-
matically as a result of high page thrashing rate. Partic-
ularly at the concurrency level of 512, the 1/O through-
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Figure 2: 1/0 throughput and prefetching-incurred page thrashing
rate of atrace-driven index searching benchmark under the original
Linux 2.6.3 kernel.

put degradesto 0.8 MB/sec while prefetching-incurred page
thrashing rate increases to 256 pages/sec. We also note that
the 1/O throughput initially increases as the concurrency
level climbsup to 32. Thisis dueto at least two factors: 1)
more overlapping of I/0 and computation at higher concur-
rency levels;, and 2) lower average seek distance when the
disk scheduler can choose from more concurrent requests
for seek reduction.

Considering the limitations of existing OS support, this
paper proposes new techniques to improve the performance
of data-intensive online servers, including balanced |/O
prefetching (Section 3) and memory management against
prefetching-incurred page thrashing (Section 4).

3 Competitive Prefetching

Under concurrent execution, 1/O throughput depends
mostly on the granularity of 1/0 switching, defined asthe av-
erage amount of sequentially accessed data between consec-
utive 1/0 switches. Improving the 1/0 efficiency can be ac-
complished by employing alarge 1/0O prefetching depth. A
larger prefetching depth results in less frequent 1/0 switch-
ing, and consequently yields fewer disk seeks per time unit.
Unfortunately, kernel-level prefetching may retrieve unnec-
essary data due to the lack of knowledge on how much data
are desired by the application. Such a waste tends to be
magnified by aggressive prefetching policies. Hence, there
is atradeoff in deciding the 1/0 prefetching depth: a conser-
vative prefetching strategy may produce high 1/O switching
overhead while over-aggressive prefetching may waste too
much 1/0 bandwidth on fetching unnecessary data. A good
prefetching depth must maintain the balance between the
above two costs.

We analyze the problem using a simple model. We as-
sume a request handler sequentially accesses disk-resident
data of total size S;,;. Let the disk transfer rate be R;,.
Also let the combined seek and rotational delay, or the I/0
switching cost, be C's,i¢c, - The minimal disk resource con-
sumption (in time) for request processing includes a single



I/0O switch and the transfer time for S;,; data:
Cmin = Stot/Rtr + Oswitch (l)

This minimal cost can only be achieved by the optimal of-
fline strategy where Sy, is known. Kernel-level prefetch-
ing, however, does not have this knowledge. We assume the
OS employs a fixed prefetching depth S,,%. The total 1/O
switching cost for request processing can be derived as.

Ctot-switeh - |—Stot/sp-| ° Cswitch S (Stot/Sp + ]-) ° Cswitch

(2
The wasted time for fetching unnecessary data can be
bounded by the cost of a single prefetch operation:

Cwaste < Sp/Rtr (3)

Therefore, the total disk resource (in time) consumed by re-
quest processing is bounded by the following:

Ctotal = Stot/Rtr + Ctot_switch + Cwaste
S Stot/Rtr + (Stot/Sp + 1) ' Oswitch + Sp/Rtr
4
Based on Equations (1) and (4), we find that:
it S, =

switch * Rtr: then Ctotal S 2. Cmin (5)

This result alows us to design a prefetching strategy with
bounded worst-case performance, shown below:

When the prefetching depth is equal to the amount of
datathat can be sequentially transfered within asingle
1/0 switching period, the total disk resource consump-
tionisat most twicethat of the optimal offline strategy.

This also infers that the 1/0 throughput under this strategy
is at least half the optimal performance. Competitive strate-
gies have been used in the context of memory paging [31]
and multiprocessor synchronization[19] to name algorithms
whose performance can be shown to be no worse than some
constant factor of an optimal offline strategy. Following
their terminology, we name our prefetching strategy com-
petitive prefetching.

Since the 1/0 switching time depends on the
seek/rotational distance and the sequential transfer
rate depends on the data location (due to zoning on
modern disks), the competitive prefetching depth may
dynamically change at runtime. In our strategy, the OS
first calculates the functional mapping from seek distance
to seek time (denoted by fs..r) and the mapping from
the data location to the sequentia transfer rate (denoted
by firansfer). This measurement is done offling, at disk
installation time or OS boot time. During runtime, the

SThisis not dtrictly true for Linux 2.6.3 since prefetching starts with a
relatively small initial depth, which yields more frequent I/O switching at
theinitial stage. However, the number of resulted additional 1/0 switches
is bounded by a small constant for each request processing.

OS maintains an exponentially-weighted moving average
of the disk seek distance (denoted by D..r). For each
prefetch operation starting at disk location Lyansfer, the
predicted seek time and data transfer rate are fseer (Dseer)
and firansfer(Liransfer) respectively. Therotational delay
is much harder to predict at runtime. In particular, modern
disks support out-of-order transfer for large I/0 requests to
hide the rotational delay. The intuition is that a read can
start at any track location if the desired data spans across
the whole track. Additionally, the rotationa time may
be partialy hidden through techniques such as freeblock
scheduling [23]. Since we do not need a very accurate
estimation for our purpose, we simply use the average
rotational delay between two random track locations (i.e.,
thetime it takes the disk to spin half arevolution).
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Figure 3: Sequential read throughput and seek time for two SCS
drives.

We quantitatively assess the competitive prefetching
depth for two specific disk drives. a36.4GB IBM 10KRPM
SCSI drive and a 146 GB Seagate 10KRPM SCSI drive be-
hind an Adaptec RAID controller. We measure the disk
properties by issuing direct SCSI commands through the
Linux generic SCSI interface, which allows us to bypass
the OS memory cache and selectively disable the disk con-
troller cache. Our disk profiling takes less than two min-
utes to complete for each drive and it could be easily per-
formed at disk installation time. Figure 3 shows the mea-
sured sequential read throughput and the seek time for these



two drives. For the IBM drive, the average transfer speed
is 51.3MB/sec; the average seek time (between two inde-
pendent random disk locations) is 7.53ms; and the average
rotational delay is 3.00ms. Therefore about 540KB of data
can be transfered in an average seek and rotational delay.
In comparison, the default maximum prefetching depth in
Linux 2.6.3 and Free-BSD FFSis only 128KB (32 pages).
Notethat the average seek distanceis often smaller at higher
concurrency levels since the disk scheduler can choose from
more concurrent requests for seek reduction.

Competitive strategies only address the worst-case perfor-
mance while a good prefetching policy should provide high
average-case performance, or at least it must not decrease
the performance of the original kernel. Since the prefetch-
ing depth in the proposed competitive prefetching policy
is typically larger than that of the original Linux kernel, it
may exhibit inferior performance for short access streams,
including small-size random accesses. We remedy the prob-
lem by employing arelatively small initial prefetching depth
asintheorigina kernel (i.e., 16 pages). When the data ac-
cess pattern is deemed as sequential by the OS, the depth
for each additional prefetching operation is doubled until it
reaches the desired competitive prefetching depth. We call
this the slow-start phase.

4 Memory Management
Thrashing

Against Page

Prefetching-incurred page thrashing can occur during
highly concurrent request execution, which often leads to
significant performance degradation. Aggressive prefetch-
ing strategies such as our proposed competitive prefetch-
ing may further exacerbate the problem by inducing higher
memory pressure. The intuitive solution for reducing
prefetching-incurred page thrashing is to increase the prior-
ity of prefetched but not-yet-referenced pages. For instance,
prefetched pages may be placed in the activelist of the page
cache. However, pages in the active list are till subject to
LRU-style replacement policies, which are ill-equipped to
handle prefetched pages (as explained in Section 2.3). A
more radical approach would be to pin prefetched pagesin
memory until they are referenced. Unfortunately, this may
create permanently-pinned ghost pages when a portion of
the prefetched pages are not needed by the application.

We enhance the existing OS memory management to
reduce prefetching-incurred page thrashing. Our modifi-
cations include the addition of a prefetch cache used to
keep track of prefetched pages and the proposal of a novel
page reclamation policy specific for this cache (Section 4.1).
We also enforce an additional threshold of the maximum
prefetching depth based on the available memory and the
number of concurrent prefetching streams at high concur-
rency level. (Section 4.2).

4.1 Prefetch Cache

We use a new data structure, called prefetch cache, to
manage prefetched but not-yet-referenced pages. Prefetched
pages are initidly placed in the prefetch cache. When a
page is referenced, it is moved from the prefetch cache to
the kernel’sinactive LRU list and is thereafter controlled by
the kernel’s default page reclamation policy. The basic con-
cept of the prefetch cache was used earlier by Papathanasiou
and Scott [28] to control prefetching aggressivenesswith the
goa of improving energy efficiency. Our design in this pa-
per targets at reducing prefetching-incurred page thrashing
for highly concurrent data-intensive servers.

In Linux, page reclamation is initiated when the number
of free pages falls below a certain threshold. Pages are first
moved from the active list to the inactive list and then the
OS scans the inactive list to find candidate pages for evic-
tion. In our design, to avoid committing too much memory
for the prefetch cache and leaving too little for the rest of the
system, some not-yet-referenced pagesin the prefetch cache
would haveto be movedto theinactivelist at the presence of
high memory pressure. We have augmented the Linux page
reclamation logic to perform such atask. Our strategy con-
tainstwo parts. an adaptive ceiling of the maximum prefetch
cache size and a second-chance reclamation a gorithm.

Prefetch cache size ceiling. In order to determine an
appropriate size for the prefetch cache, the system main-
tains several memory performance statistics along with their
exponentially weighted moving averages. Specifically, we
keep track of the miss rate on pages that used to reside
in the LRU cache (LRU miss) as well as the miss rate on
pages that were prefetched and then evicted without be-
ing accessed (prefetching miss). Pages are evicted from the
prefetch cache when the number of pages in the cache ex-
ceeds the the prefetch cache size ceiling. To monitor misses
on recently evicted pages, the system maintains anew struc-
ture, called the eviction history, that records a short history
of evicted pages along with flags that identify their status
at the time of eviction (e.g., whether they were part of the
LRU cache or were prefetched but not-yet-accessed). When
a page miss occurs, the eviction history is checked to iden-
tify its status.

To achieve high performance, we aim to minimize the
overall miss rate by controlling both the LRU miss and the
prefetching miss. Suppose variable z is the prefetch cache
size ceiling, we use function f,..(z) and fi,,(z) to repre-
sent prefetching miss rate and LRU miss rate respectively.
Then our objective is to minimize the overall miss rate on
the server:

ftot(l') = fpre(m) + flru(l')

The upper bound of z is limited by the maximum amount
of memory that can be used for system cache z ;,,4.., Which
is roughly the physical memory size minus those memory
occupied by the kernel.

0< 2 < Tmas



Thisis alinearly constrained nonlinear optimization prob-
lem. Technicaly, if the prefetch cache size increases, the
prefetch miss rate f,-.(z) will decrease. However, as
prefetch cache size goes beyond the demand of the work-
load, the prefetch miss rate will level off and f,,.(z) will
approach zero. Since similar analysis can aso be applied
to firu(x), it is acceptable for us to assume that f;,.(z) is
concave upward. With this assumption, it can be proved that
the minimization problem has aglobal unique solution [14].
We make use of an incremental greedy algorithm called gra-
dient descent [30] to address this problem. Given a curve of
a cost function, gradient descent means going downhill to-
ward the bottom and taking steps proportional to the gradi-
ent at the current point. In our implementation, weinitiaize
the prefetch cache size celling, z, to be 25% of the total
physical memory. It is then periodically (e.g., once per 4
seconds) adjusted based on gradient descending of f.:(x).
The time interval of each period is an epoch. In the first
epoch, we randomly increase or decrease x by an adjust-
ment unit. We calculate the change of overal miss rate in
each subsequent epoch. If the overall miss rate increases
obviously, we change = with an increase or decrease oper-
ation which is different from the operation in the previous
epoch. Otherwise, we make the same adjustment to z asin
the previous epoch. For example, if we previously increase
x by Az and it causes fio1(x + Ax) — fior(x) > threshold,
we will decrease z in the next epoch by an adjustment unit.
Otherwise, we keep increasing z. Thisimplementationisa
simple approximation of gradient descent of f;.:(z). Our
experiment shows that when the adjustment unit is chosen
properly, the prefetch cache size ceiling, «, will quickly con-
verge to a narrow interval. The adjustment unit is currently
set as the low free memory threshold used by the paging
daemon to trigger reclamation.

Second-chance page reclamation. Pagesin the prefetch
cache are organized in a FIFO queue. Prefetched pages are
initially attached to the tail of the queue. At the time of
prefetch, the OS also marks each page with the pid of the
prefetching process and atimestamp indicating the prefetch-
ing time. When the reclamation logic istriggered, we exam-
ine pages from the queue head. Pages that were prefetched
by acurrently inactive processareimmediately moved to the
inactive list. A processis considered inactiveif it has exited
or itisinthe zoMBIE state. If a page’s prefetching process
is gtill active, the page prefetching timestamp is compared
against the last execution time of the prefetching process. If
this comparison shows that the process has had significant
opportunity to reference the prefetched page but it did not, it
is likely that the prefetching process is not interested in the
page at al, so we move the page to the inactive list. Oth-
erwise, the page is given a second chance in the prefetch
cache: its pid and timestamp fields are invalidated and it
is re-attached to the tail of the prefetch cache queue. When
it moves again to the queue head for reclamation, it will
be immediately moved to the inactive list due to its invalid
pid and timestamp fields. Figure 4 provides a high-level

overview of our enhanced memory management.
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Figure 4: Overview of our enhanced memory management.

In our current implementation, the extrapid and times-
tamp fields occupy 4 bytes each in the page descriptor.
Thereforethey incur 0.2% space overhead (8 bytes per 4 KB
page). This may be improved by using 2 bytes for each of
the pid and timestamp fields. Such a scheme createsa prob-
lem of imprecise timing and further investigation is needed
to assess its feasibility. An additional space overhead isthat
used by the eviction history. We can limit this overhead by
controlling the number of entries in the eviction history. A
smaller history size may be adopted at the expense of the
accuracy of the memory performance statistics. If a 40-
byte data structure is used to record information about each
evicted page and we limit the eviction history size to 20%
of the total number of physical pages, the space overhead
for the eviction history would be 0.2% of the total memory
space.

4.2 Constrained Prefetching at High Concurrency
Levels

Simply adjusting the page cache reclamation policy may
not be sufficient to avoid page thrashing at very high concur-
rency levels. When a large number of request handlers run
in the server simultaneously, memory contention created by
the active prefetching streams alone can create page thrash-
ing. To deal with this problem, we enforce an additional
maximum per-stream prefetching depth S, = =
where P,,.., is the ceiling of the prefetch cache a78%hd
Ngiream 1S the number of active prefetching streams in the
server. In implementation, we approximate N sipeqm With
the total number of opened filesin user level processes. Our
test shows this approximation is reasonable for applications
we experimented.

This additional threshold limits the prefetching depth at
high concurrency levels, which may increasethe 1/O switch-
ing rate and thus lower the 1/O efficiency. However, thisis
necessary since the penalty of page thrashing far outweighs
the lost I/O efficiency.

Prem

5 Experimental Evaluation

We assess the effectiveness of our proposed techniqueson
improving the performance of data-intensive online servers.
Experiments were conducted on a Linux cluster connected



Benchmark/workload Whole-file | Streams per Memory Total data | Min-mean-max size of
access? request Footprint size sequential access streams
Microbenchmark: One-Whole-0 Yes Single 1MB/request | 24.0GB 4MB-4MB-4MB
Microbenchmark: One-Rand-10 No Single 1MB/request | 24.0GB 64KB-2MB-4MB
Microbenchmark: Two-Rand-0 No Multiple 1MB/request | 24.0GB 64KB-2MB-4MB
Microbenchmark: Four-64KB-0 No N/A 1MB/request | 24.0GB N/A
Index searching No Multiple Unknown 19.0GB Unknown
Apache hosting mediaclips Yes Single Unknown 204GB 24KB-152KB-1418KB
BLAST genetic sequence database Yes Unknown Unknown 10.9GB Unknown

Table 1: Benchmark statistics.

by Gigabit Myrinet. Each node is equipped with two 2 GHz
Xeon processors, 2GB memory, a36.4GB IBM 10 KRPM
SCSI drive, and a 146 GB Seagate 10KRPM SCSI drive.
Each experiment involves a server and a load generation
client. The client can adjust the number of simultaneous
requests to control the server concurrency level (eg., the
number of concurrent processes or threads).

The evaluation results are affected by several factors, in-
cluding the server memory size, the application dataset size,
and the average size of prefetching streams. Our strategy
is to first demonstrate the performance at a typical setting
and then explicitly evaluate the impact of various factors.
Section 5.1 describes the benchmarks used in our evalu-
ation. Sections 5.2 and 5.3 illustrate the overall perfor-
mance of examined benchmarks at a typical workload set-
ting with 512 MB server memory. Section 5.4 presents pro-
filing results on the I/O request size, prefetching-incurred
page thrashing, and the CPU usage. Section 5.5 evaluates
the performance impact of several factors in the evaluation
setting. Section 5.6 summarizes the performance resullts.

5.1 Evaluation Benchmarks

Our evauation benchmark suite contains both mi-
crobenchmarks and real applications. All microbenchmarks
access a dataset of 6000 4MB disk-resident files. At the
arrival of each request, the server spawns a thread to pro-
cess it. The user-level memory footprint of each request
handler is 1LMB. We explore the performance of four mi-
crobenchmarks with different 1/O access patterns. The mi-
crobenchmarks differ in the number of files accessed by
each request handler (one to four), the portion of each file
accessed (the whole file, arandom portion, a 64 KB chunk)
and athink time delay during the processing of each request
(0 and 10ms). We use a descriptive naming convention to
refer to each benchmark. For example, < Two-Rand-0> de-
scribes a microbenchmark with request handlersthat access
a random portion of two files with Oms think time delay
during request processing. Accesses within aportion of the
file are dways sequentia in nature. We use the following
microbenchmarksin the evaluation:

e One-Whole-0: Each request handler randomly chooses
afile and it repeatedly reads 64 KB data blocks until
the wholefileis accessed.

e One-Rand-10: Each request handler randomly chooses
afile and it repeatedly reads 64 KB data blocks from
thefile up to arandom total size (evenly distributed be-
tween 64 KB and 4 MB). Additionally, we add a 10ms
think time at four random points during the process-
ing of each request. The think times are used to emu-
late possible delays during request processing and may
cause the anticipatory disk scheduler to timeout.

e Two-Rand-0: Each request handler alternates reading
64 KB data blocks from two randomly chosen files. It
accesses a random portion of each file. This workload
emulates applications that simultaneously access mul-
tiple sequential data streams.

e Four-64KB-0: Each request handler randomly chooses
four files and reads a 64KB random data block from
each file.

We also include three real applicationsin our evaluation:

e Index searching: We acquired an earlier prototype of
the index searching server and a dataset from the Web
search engine Ask Jeeves[4]. The dataset contains the
search index for 12.6 million Web pages. It includes
a 522 MB mapping file that maps MD5-encoded key-
words to proper locations in the search index. The
search index itself is approximately 18.5GB, divided
into 8 partitions. For each keyword in an input query, a
binary searchisfirst performed on the mapping file and
then the search index is accessed following a sequen-
tial access pattern. Multiple prefetching streams on
the search index are accessed for each multi-keyword
guery. The search query wordsin our test workload are
based on a one-week trace recorded at the Ask Jeeves
online sitein early 2002.

¢ Apache hosting media clips. We include the Apache
Web server in our evaluation. Typical Web workloads
often contain too small files. Since our work focuses
on data-intensive applications, we use aworkload con-
taining a set of mediaclips, following the file size and
access distribution of the video/audio clips portion of
the 1998 World Cup workload [3]. About 9% of files
in the workload are large video clips while the rest are
small audio clips. The overdl file size range is 24-
1418KB with an average of 152KB. The total dataset
sizeis 20.4GB. During the tests, individual mediafiles



(A) One-Whole-0 (B) One-Rand-10 (C) Two-Rand-0

o o 25 o 25
8 50 —— Linux 8 kg
m —— AP o o
= 9 - CP = 20 = 20
£ 40 -o- CPEM S =
g g g
5 30 £ B £ B
3 3 3
e e e
= = =
5 2 o 0 o 0
é é —— Linux é —— Linux
2 10 k= 5 —— AP k= 5 —— AP
K] K] —— CP s K] —— CP
g g —-o— CPEM 3 —-o— CPEM
< 0 < 0 < 0
1 2 4 8 16 32 64 128 256 5121000 1 2 4 8 16 32 64 128 256 5121000 1 2 4 8 16 32 64 128 256 5121000
Number of concurrent request handlers Number of concurrent request handlers Number of concurrent request handlers

Figure 5: Microbenchmark performance at various concurrency levels. The OS disk scheduler does not use anticipatory scheduling.
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Figure 6: Microbenchmark performance at various concurrency levels. The OS disk scheduler employs anticipatory scheduling.

are chosen in the client requests according to a Zipf Four-64KB-0
distribution.

e BLAST genetic sequence database: We ported the nu-
cleotide and protein sequence similarity matching ap-
plication BLAST [1] developed at the National Cen-
ter for Biotechnology Information. Given an input se-
guence, BLAST searches hosted databases for similar
sequences. In our BLAST server, we run each request
handler as an OS process such that the application bi-
naries can be used directly without much integration
effort. Our tests involve around 10.9 GB nucleotide se-
guence data, based on acollection available at the Gen-
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Bank [5]. We use 1000 synthetically generated queries Figure 7: Performance of a random-access microbenchmark.
inour tests.
from the exact original. We discovered severa perfor-
Table 1 summarizes benchmark statistics that might af- mance anomalies in the original kernel (described in
fect the performance of the proposed strategies. The column Section 6) for supporting data-intensive online servers.
“Whole-file access?’ indicates potential waste on prefetch- Our experimentation used a modified kernel that had
ing unnecessary data. No such waste existsif wholefilesare these performance problems corrected.
accessed by application request handlers. #2. AP: Theoriginal kernel with an aggressive prefetching

policy. A maximum prefetching depth of 256 pages
(about twice that of competitive prefetching) is used.

We assess the effectiveness of the proposed techniques Thisis ahypothetical approach included purely for the

by comparing the server performance under the following purpose of comparison.
different kernel versions: #3. CP: Our proposed competitive prefetching strategy de-

scribed in Section 3.

#1. Linux: The original Linux 2.6.3 kernel with a maxi- #4. CPEM: The competitive prefetching policy (approach
mum prefetching depth of 32 pages. In fact the ker- #3) with the enhanced memory management systemfor

nel we used in the experimentation is dlightly different prefetched pages, described in Section 4.

5.2 Microbenchmark Performance
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Figure 8: Performance (1/0 throughput and request response time) of the index searching server at various concurrency levels.
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Figure 9: 1/0 throughput of Apache hosting media clips.

Figure 5 shows the application-observed 1/0 throughput
for the first three microbenchmarks that possess a signifi-
cant amount of sequential data accesses. The results were
produced without the use of anticipatory scheduling in the
OS disk scheduler. We observethat our proposed techniques
are very effective in improving the performance of all three
microbenchmarks. At low concurrency levels, competitive
prefetching provides up to two-fold performance improve-
ment compared with the original kernel. At high concur-
rency levels, the CPEM policy achieves up to a four-fold
performance improvement when compared to the origina
kernel. Aggressive prefetching provides very limited ad-
ditional benefit (up to 14%) when application request han-
dlers access whole files. This benefit is only available at
low concurrency levels. Aggressive prefetching may even
hurt performanceas shownin Figures 5(B) and 5(C) because
it wastes too much /O bandwidth on fetching unnecessary
data. Thewasted I/O bandwidth more than compensates the
advantage of less frequent I/O switching. We also note that
the performance of CPEM still drops at high concurrency
levels. Thisis due to constrained prefetching to avoid page
thrashing (described in Section 4.2).

Figure 6 illustrates the performance of the same three mi-
crobenchmarks when the OS disk scheduler employs an-
ticipatory scheduling. Figure 6(A) shows dramatically im-
proved concurrent performance for the first microbench-
mark (One-Whole-0). The improvement is an artifact of the
reduction of 1/O switching thanks to anticipatory schedul-
ing. However, Figures 6(B) and 6(C) demonstrate that an-
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Figure 10: Application request throughput of the BLAST genetic
sequence database.

ticipatory scheduling is not very effective when significant
think times are present in the request processing or when
areguest handler accesses multiple streams simultaneously.
In such cases, our proposed strategies can significantly im-
prove the application performance. The rest of this section
only shows performance results when anticipatory schedul-
ing is enabled since it always performs no worse than the
kernel without it for all our workloads.

Figure 7 showsthe performance of the random-access mi-
crobenchmark. We observe that al kernels perform sim-
ilarly at al concurrency levels. Aggressive prefetching
strategies do not suffer from fetching too much unnecessary
data, becausethe slow-start phase used in all kernels quickly
identifies the non-sequential access pattern and avoids large
prefetch operations.

Competitiveness assessment. We estimate the optimal
I/0O throughput to assess the competitiveness of CP. We
use a simple estimation m where Sy, is the
mean size of the benchmark sequential access streams, R,
is the mean disk sequentia transfer rate, and C';i¢cr IS the
mean 1/O switching time between two independent random
disk head locations. Our estimated optimal throughputs for
the four microbenchmarks are 45.3MB/sec, 40.5MB/sec,
40.5MB/sec, and 5.5 MB/sec respectively. At low concur-
rency levels (1-32), the performance of CP isat least around
half the optimal performance for all benchmarks, which
confirmsits competitiveness.
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Figure 11: /O request size histogram (8 page sizes per bucket) for index searching.

5.3 Performance of Real Applications

Figure8(A) showsthe I/O throughput of theindex search-
ing server at various concurrency levels. The results suggest
that competitive prefetching can improve 1/O throughput by
around 47% at low concurrency when compared to the orig-
inal kernel. In comparison, aggressive prefetching provides
much lessimprovement (up to 29%) dueto wasted I/O band-
width on fetching unnecessary data. Even thisimprovement
quickly diminishes as the concurrency level climbs up be-
cause of higher memory contention caused by aggressive
prefetching. At high concurrency levels, the CPEM policy
achieves an over four-fold performance improvement over
al other kernels. Figures 8(B) and 8(C) show the request
response time for the index searching server. For policies
other than CPEM, we only show the request response time
up to the concurrency level of 256 because their throughput
istoo low at higher concurrency levels to make the response
time measurement meaningful. Overall, our proposed tech-
niques can reduce the average request response time by 28%
when compared to the original kernel.

Figure 9 shows the performance of the Apache Web
server hosting media clips. The improvement is 6% and
24% at concurrency levels of 2 and 1000 respectively. Be-
cause each Web server regquest handler follows a strict se-
guential data access pattern on asinglefile, anticipatory disk
scheduling in the original kernel helps to achieve very good
performance. The 1/O throughputs increase as the concur-
rency level climbs up. Aswe mentioned in section 2.3, this
is due to at least two factors: 1) more overlapping of 1/0
and computation at higher concurrency levels; and 2) lower
average seek distance when the disk scheduler can choose
from more concurrent requests for seek reduction. The per-
formance improvement due to competitive and aggressive
prefetching becomes more evident at higher concurrency
levels because the anticipation is morelikely to be disrupted
in these situations. We also observe that the server perfor-
mance does not degrade significantly at high concurrency
levels even without our enhanced prefetching memory man-
agement (CPEM). This is because the Apache Web server
has arelatively small memory footprint.

Figure 10 shows the application request throughput of the
BLAST database. Compared to the original kernel, the CP
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policy can improve the server throughput by around 18% at
low concurrency while CPEM achieves 47% performance
improvement at high concurrency.

5.4 Per-resource Profiling

In order to better understand the performance results, we
examinethe server behavior in terms of the I/O request size,
memory page thrashing, and CPU usage. We use a mod-
ified Linux Trace Toolkit (LTT) [35] for our experiments.
LTT instruments the OS kernel with trace points that cap-
ture events of interest and log them using a user-level log-
ging daemon. We modified LTT by adding trace points at
kernel eventsthat we areinterested in.

Figure 11 shows the 1/O request size distribution for the
index searching application. The average 1/0 request size
is an indicator of the I/O switching frequency, and thus the
overall 1/O efficiency. Figure 11(A) illustrates the 1/O re-
guest size histogram at the low concurrency level of 2. Each
bucket in the histogram contains 8 page sizes. The original
Linux 2.6.3 has a maximum prefetching depth of 32 pages.
Therefore, it produces much more frequent 1/0 switching
than the competitive prefetching policy (CP). At high con-
currency levels, shown in Figure 11(B), the two competi-
tive prefetching approaches behave quite differently. First,
CPEM has fewer small 1/0 requests (1-8 pages) because it
leads to much less page thrashing. We also observe that it
has a smaller maximum prefetching depth of 64 pages, due
to constrained prefetching at high concurrency levels.
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Figure 13: 200-second CPU usage snapshots (50ms running averages) for index searching.

Figure 12 shows the prefetching-incurred page thrashing
rate for the index searching application. At low concur-
rency levels, all policies but AP exhibit a low page thrash-
ing rate (below 25 pages/second). At high concurrency
levels, al policies but CPEM suffer from significant page
thrashing (207-256 pages/second at the concurrency of 512).
In comparison, our proposed prefetching memory manage-
ment (CPEM) maintains alow page thrashing rate (no more
than 32 pages/second) at all measured concurrency levels.

Figure 13 illustrates 200-second CPU usage snapshots
for the index searching benchmark under the original
Linux 2.6.3 kernel and our proposed kernel. Results for
a low concurrency level (2) and a high concurrency level
(512) are shown. We observe that the CPU usageis consis-
tently under 50% across al settings but CPEM at high con-
currency. Figure 13(D) shows that the CPEM CPU usage
at high concurrency is quite bursty. Thisis because the ker-
nel paging daemon is frequently triggered to reclaim pages,
an indication that the server free memory is constantly be-
low the reclamation threshold. We have not discovered any
performance problem associated with this burstiness and we
plan to look into this further in the future. The CPU usage
for the original Linux 2.6.3 kernel at the high concurrency
level is very low. The substantial CPU idleness is caused
by very inefficient 1/0 at this setting. Overal, the average
CPU usage for the four test configurations are 19%, 28%,
6%, and 24% respectively.

55 Impact of Factors

In this section, we explore the performance impact of the
server memory size, the application dataset size, and the av-
erage size of sequential access streams. We use the sec-
ond microbenchmark (One-Rand-10) because of its flexibil-
ity in adjusting the workload parameters. When we eval-
uate the impact of one factor, we set the other factors to
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Figure 14: Performance impact of the server memory size for the
microbenchmark One-Rand-10.

default values: 512 MB for the server memory size, 24GB
for the application dataset size, and 2MB for the average
size of sequential access streams. Note that the average size
of sequential access streams is half of the file size because
each request handler in thismicrobenchmark readsarandom
amount (evenly distributed between 64 KB and the total file
size).

Figure 14 shows the performance of the microbenchmark
at different server memory sizes. 2GB, 1GB, and 512MB.
Intuitively a larger memory size can improve the server
throughput. However, this does not affect the performance
advantage of our proposed techniques against the original
Linux kernel.

Figure 15 illustrates the performance of the microbench-
mark at different workload sizes:. 0.4GB, 2GB, 8GB,
and 24 GB. Intuitively better performanceis correlated with
smaller workload sizes. Note that the 0.4 GB workload can
completely fit into the server memory, therefore it has much
better performance than others. Figure 15(B) shows that
our proposed techniques do not negatively affect the server
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Figure 15: Performance impact of the workload size for the mi-
crobenchmark One-Rand-10.

performance when the application data can completely fit
into the server memory. We aso observe that the perfor-
mance during concurrent execution is better than that of the
serial execution for the 0.4 GB workload. This is because
this workload is CPU-bound and concurrent execution al-
lows better utilization of the two processors in the server.

Figure 16 shows the performance of the microbenchmark
with different average sequential access stream sizes. 4MB,
2MB, and 1 MB. Various sequential access stream sizes are
achieved by adjusting the file size in the dataset. We ob-
serve that our proposed techniques perform consistently bet-
ter than the original Linux 2.6.3 at all configurations. We
aso observe that the improvement of competitive prefetch-
ing (CP) is more substantial with longer sequential access
streams (around 26% for 4MB stream and 9% for 1MB
stream at the concurrency of 2). Thisis because the small
initial prefetching depths, which reduce the effectiveness of
competitive prefetching, constitute a more significant por-
tion for shorter sequential access streams. In comparison,
the improvement achieved by CPEM is substantial (over
57%) for al settings at high concurrency.

5.6 Summary of Results
e Atlow concurrency levels, competitive prefetching can

improve the server throughput by up to 62% for mi-
crobenchmarks and by up to 47% for real applications.
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The improvement over the origina kernel is small
when request handlers access disk datain a strictly se-
guential fashion (without any interleaving 1/0) because
anticipatory scheduling in the original kernel already
helpsto achievevery good performancefor these work-
loads. Our results on microbenchmarks also show that
the performance of competitive prefetching is at least
half of the optimal offline performance.

Aggressive prefetching provides limited additional im-
provement (up to 14%) when application request han-
dlers access whole files. However, it may hurt the
server performance when request handlers access only
portions of files and it also leads to increased memory
contention at high concurrency levels.

The proposed memory management techniques can ef-
fectively control prefetching-incurred pagethrashing at
high concurrency levels. As aresult, they can improve
the server throughput by up to four times for both mi-
crobenchmarks and real applications.

Competitive prefetching provides more performance
improvements for applications with longer sequential
data access streams. The improvement is relatively
small for streams of 1 MB or smaller.

The proposed techniques do not degrade the perfor-
mance of applications with small data sizes (that can
completely fit into memory) or those that access disk-
resident data in a random fashion.

Discussion

Impact of concurrency control. The concurrency level
of an online server can be controlled by employing a fixed-
size process/thread pool and a request waiting queue. Ad-
ditionally, admission control can be used to control the
server load. Such techniques do not eliminate the bene-
fit of competitive prefetching, which is shown to produce
significant performance improvement even at low concur-
rency levels. On the other hand, controlling the execution
concurrency may mitigate the memory contention due to
aggressive prefetching. Keeping the concurrency level too



low, however, may reduce the server resource utilization ef-
ficiency and lower the server responsiveness.

Buy more memory to solvethe problem? Larger mem-
ory sizes can improve the throughput of data-intensive on-
line servers by alowing alarger portion of the dataset to re-
main in the main memory. However, many applications re-
quire a significant amount of additional memory to achieve
noticeable performanceimprovements. For example, thein-
dex searching application used in the evaluation would not
acquire significant performance enhancement unless a sub-
stantia fraction of the total dataset is cached. Provision-
ing enough memory such that the complete dataset can fit
into memory would solve the problem. Although this prac-
tice is possible for the most critical data partitions or server
components at online service sites, many other parts of the
system still have to function with limited amount of mem-
ory for economical reasons [36]. Consequently, it is desir-
ableto provideefficient support for highly concurrent online
servers whose dataset size far exceeds the available server
memory.

Impact on other workloads. Our design takes measures
to minimize negative impact on applications not directly tar-
geted in this work. However, such impact may still exist. In
particular, increased prefetching depths can lead to reduced
interactive responsiveness from the 1/0O subsystem. Tech-
niques such as priority-based disk queues [12] and semi-
preemptible 1/O [10] can be employed to alleviate this prob-
lem. Additional investigation is needed to address the in-
tegration of such techniques. Further to our relief, it is of-
ten the case that an online server (e.g., those hosting Inter-
net services) is dedicated for supporting a single workload.
Therefore, efficient OS support for other types of workloads
may be unnecessary on those servers.

Impact of multi-disk systems. Our current work focuses
on single-disk storage devices. We believe our competi-
tive prefetching strategy can be similarly employed to guide
prefetching depths for multi-disk systems, such as disk ar-
rays (RAID). These systems often allow simultaneoustrans-
fers out of multiple disks and thus offer much higher aggre-
gate throughput. However, seek and rotational delays are
inherently limited by individual disks. Consequently, multi-
disk systems often require larger competitive prefetching
depths.

Performance anomalies in the original Linux kernel.
We have discovered several performance anomalies in the
origina Linux 2.6.3 when supporting data-intensive online
servers. One such problem appearsin the implementation of
anticipatory disk scheduling. Very large 1/0 requests from
the file system are usually split into smaller pieces up to a
certain maximum size (e.g., 320 disk sectors) before being
forwarded to the disk drive. The completion of each one of
these pieces will trigger an 1/0O interrupt. The original an-
ticipatory scheduler would start the anticipation timer right
after the first such interrupt, which often causes premature
timeout. We corrected the problem by starting the anticipa
tion timer only after all pieces of afile system 1/O request
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have completed.

An additional problem was discovered in the prefetch-
ing agorithm of Linux 2.6.3. The kernel checks for disk
congestion when each prefetch operation is initiated. If the
number of pending requestsin the disk driver queue exceeds
acertain threshold (113 in Linux 2.6.3)4, the prefetch oper-
ationis canceled. However, the read-ahead window descrip-
torsare not updated to reflect the cancellation of the prefetch
reguest, leading to an interruption of prefetching and perfor-
mance degradation. All experimental resultsin the paper are
based on corrected kernels.

7 Related Work

The subject of highly-concurrent online servers has been
investigated by several researchers. Pai et al. showed that
the HT TP server workload with moderate disk 1/O activities
can be efficiently managed by incorporating asynchronous
1/0 or helper threadsinto an event-driven HT TP server [26].
A later study by Welsh et al. further improved the perfor-
mance by balancing the load of multiple event-driven stages
in an HTTP request handler [34]. The more recent Capric-
cio work provides a user-level thread package that can scale
to support hundreds of thousands of threads [33]. However,
these studies mainly focus on the CPU utilization efficiency
while the throughput of online serversis bounded by the /O
performance when the application data size far exceeds the
available server memory.

Previous work has explored modeling data access pat-
terns and supporting efficient memory buffer page replace-
ment for data-intensive applications and database systems,
including LRU-K [25], 2Q [17], Unified Buffer Manage-
ment [20], Multi-Queue [38], and LIRS [16]. However,
these studies do not explicitly address memory buffer man-
agement at high execution concurrency, as seen in popu-
lar online services. Data-intensive online servers may pro-
duce significant prefetching-incurred page thrashing at high
concurrency, which can severely degrade the server per-
formance. We reduce such page thrashing by managing
prefetched pages separately from the rest of the memory
cache and by using a novel second-chance reclamation al-
gorithm for these pages.

Previous work has suggested the use of application hints
to increase prefetching accuracy for workloads consisting of
both single [29] and multiple [32] applications. Cao et al.
proposed a two-level page replacement scheme that allows
applications to control their own cache replacement while
the kernel controlsthe allocation of cache space among pro-
cesses [6, 7]. Self-paging is used in the Nemesis operat-
ing system to provide QoS support for multimedia applica-
tions [13]. Recent studies also examined how heuristics-
based predication of application data access pattern can im-
prove the performance of file prefetching [22, 37]. Our

4The threshold is calculated as: gQ + 1, where Q isthe maximum disk
driver queue size (default to 128).



proposed strategy does not require application cooperation.
However, the idea of prefetching with application-supplied
information or predication can be incorporated into our
work. For instance, application information can be used to
reduce the overhead of prefetching unnecessary data.

Severa researchers have addressed the problem of mem-
ory allocation between prefetched and cached pages. Cao et
al. devised memory allocation algorithms to reduce appli-
cation running time when facing memory contention be-
tween aggressive prefetching and page caching [6]. Kim-
brel et al. further investigated this problem for multi-disk
systems [21]. Patterson et al. [29] provide a cost-benefit
model for evaluating the benefit of prefetching and hint a
limited prefetching depth up to a process's prefetch hori-
zon. Their cost-benefit model also focuses on reducing the
program completion time. These techniques may not be ef-
fective in optimizing the throughput of data-intensive online
servers, which mainly depends on the 1/0O efficiency and
the rate of disk 1/O switching in particular. Our memory
management strategy tends to lower the number of mem-
ory misses, which can in turn lower disk 1/O switching rate
when there is severe memory contention. Kaplan et al. fur-
ther explored cost-benefit model and they use histograms
in dynamically controlling the prefetch memory allocation
with the goa of minimizing the number of page faults [18].
Our strategy also aims to minimize the number of page
faults. But instead of using a cost-benefit model, we treat
this problem as linearly constrained nonlinear optimization.
And the overhead of their implementation using histogram
is much more expensive compared with our light-weight
gradient descent solution.

Aggressive prefetching was also proposed to increase
disk access burstiness and thus to save energy for mobile
devices[27, 28]. Fraser and Chang suggested that specula-
tive 1/O prefetching can reduce the running time for explicit
I/0 and swapping applications [11]. These studies do not
address the performance problem of frequent I/O switching
exhibited in highly concurrent online servers.

Application-specific techniques have been proposed to
support out-of-coreexecution of data-intensive applications.
For instance, Chiang et al. employed 1/O-efficient data
structures to support interactive disk-resident isosurface ex-
traction [9]. Compiler techniques have also been investi-
gated to improve the performance of out-of-core applica
tions. Mowry et al. proposed automatic compiler-inserted
I/O prefetching techniques that resulted in significant per-
formance improvements for the tested applications [24].
Our work provides system-level support that can transpar-
ently benefit data-intensive online applications.

More recently, Carrera and Bianchini studied disk con-
troller cache management and proposed two firmware-level
techniquesto improvethe disk throughput for data-intensive
servers [8]. Our work shares their objective while focusing
on the operating system-level techniques. Anastasiadis et
al. explored an application-level block reordering technique
that can reduce server disk traffic when large content files
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are shared by concurrent clients [2]. Our work provides
transparent operating system level support for much wider
scope of data-intensive workloads.

8 Conclusion

This paper presents the design and implementation of a
competitive 1/O prefetching strategy and an enhanced mem-
ory management system supporting data-intensive online
servers. Based on a simple model, it is shown that the
performance of competitive prefetching (in terms of 1/O
throughput) is at least half that of the optimal offline policy.
Our enhanced memory management includes the addition
of a prefetch cache dedicated to prefetched memory pages
and a novel second-chance page reclamation algorithm for
it. Our approach is design to reduce prefetching-incurred
page thrashing at high concurrency.

We implemented the proposed techniques in the
Linux 2.6.3 kernel and conducted experiments using mi-
crobenchmarksand three real applications. anindex search-
ing server, the Apache Web server hosting media clips,
and a genetic sequence database. Overall, our evaluation
demonstrates that competitive prefetching can improve the
throughput of real applications by up to 47% at low concur-
rency while the enhanced memory management scheme can
produce up to a four-fold performance enhancement at high
concurrency.
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