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Abstract nel or untarring a source tree. While these workloads are
easier to setup, they may not be fully representative of the
Benchmarks are crucial to understanding software sygnd applications.
tems and assessing their performance. In file-system resMicrobenchmarks of Application Kernels: A sec-
search, synthetic benchmarks are accepted and widelyid option is to run application kernels instead of the full
used as substitutes for more realistic and complex worlgpplications themselves. For example, instead of config-
loads. However, synthetic benchmarks are largely basefling and stressing a mail server, one can instead run the
on the benchmark writer’s interpretation of the real work-PostMark [14] benchmark, which attempts to produce the
load, and how it exercises the system API. This is insuf§ame file system traffic as a real mail server. Other exam-
cient since even a simple operation through the API mayes of kernels include the Andrew Benchmark [13] and
end up exercising the file system in very different waysPC-1,2 [27]. While these kernels are simpler to run, they
due to effects of features such as caching and prefetchingve the fundamental problem that their simplifications
In this paper, we describe our first steps in creating “realfoth may make them no longer representative of the orig-
istic synthetic” benchmarks by building a tool, CodeMRlinal workload and enable system designers to artificially
CodeMRI leverages file-system domain knowledge angtimize to specific kernels.
small amount of system profiling in order to better under- ¢Trace replay: A third option is to replay file system
stand how the benchmark is stressing the system andttaces that have been previously gathered at various re-

deconstruct its workload. search and industrial sites. Examples of traces include file
) system traces from HP Labs [21] and a collection of I/O
1 Introduction and file system traces available through SNIAs IOTTA

Repository [25]. Replaying file system traces eliminates

Everyone cares about data, from scientists running simthie need to setup and recreate the original applications,
lations to families storing photos and tax returns. Thudut has challenges of its own. In particular, replaying the
the file and storage systems that store and retrieve duace while accurately preserving the original timing [3]
important data play an essential role in our computeand accounting for dependencies across I/O requests [16]
systems. To handle the different needs of various usare non-trivial problems. In addition, traces are often
communities, many different file and storage systenlarge, unwieldy, and difficult to use.
have been developed, from the Google File System [11],eSynthetic workloads: A final option is to run syn-
IBM GPFS [22] and NetApp Data ONTAP storage systhetic workloads that are designed to stress file systems
tem [10] to local file systems such as NTFS [26] andppropriately, even as technologies change. Synthetic
Linux ext3 [32]. workloads, such as I0Zone [19], SPECsfs97 [33], Syn-

Unfortunately, file and storage systems are currentiRGen [9], fstress [2], and Chen’s self-scaling bench-
difficult to benchmark [31]. There is little consensus remark [7], contain a mix of POSIX file operations that can
garding the workloads that matter and insufficient infrase relatively scaled to stress different aspects of the sys-
tructure to make it easy to run interesting workloads. Teem. The major advantages of synthetic applications is
evaluate the performance of a file and storage system, dww simple they are to run and that they can be adapted
velopers have a few different options, each with its owas desired. However, the major drawback of synthetic
set of disadvantages. workloads is that they may not be representative of any

eReal Applications: One option for evaluating a file real workloads that users care about.
or storage system is to directly measure its performanceWe believe that the ideal benchmark for file and stor-
when running real 1/0O-intensive applications. The obviage systems combines tease of usef synthetic bench-
ous advantage of benchmarking with real applications imarks with therepresentativenessf real workloads.
that the performance results can correspond to actual sddwus, the goal of this paper is to describe how one can
narios in which the system will be used and that users cacesate realistic synthetic benchmarks. Specifically, our
about. However, the problem is that real I/0-intensive aapproach is to provide a tool that enables one to create
plications can be difficult to obtain, to setup, and to cora synthetic benchmark that is functionally equivalent to
figure correctly [30]. Often system evaluators comproa given real application; that is, the synthetic benchmark
mise by running “real applications” that they are the mosttresses the system in the same way as the original appli-
familiar with, such as compiling an operating system keation.



Determining whether or not two workloads stress a sysion by building a tool, CodeMRI (an “MRI” for Code,
tem in the same way is a challenging question; certainlif, you will). CodeMRI uses detailed analysis of the
the domain of the system under test has a large impastiurce code for the system under test to understand how
on which features of the two workloads must be identica workload is stressing it. Specifically, CodeMRI mea-
for the resulting performance to be identical. For exansures function-call invocation patterns and counts to-iden
ple, if the system under test is a hardware cache, then ttify internal system behavior. Our initial results in apply
two workloads might need to have identical addresses forg CodeMRI to macro-workloads and benchmarks such
all issued instructions and referenced data; on the othas PostMark [14] on the Linux ext3 [32] file system are
hand, if the system under test is a network protocol, theromising.
two workloads might need to have the same timing be- First, CodeMRI is able to deconstruct complex work-
tween requests to/from the same remote nodes. Thefeads into micro-workloads; each micro-workload con-
fore, the specific features of the real workload that muséins system callse(g, read and write) with known in-
be captured by the synthetic benchmark depend on tternal behavior €.g, hitting in the file buffer cache or
system. causing sequential versus random disk accesses). In other

One might believe that an equivalent synthetic workwords, with good accuracy, we are able to identify that a
load for file and storage systems could be created by sirfreal” workload, such as PostMark, performs the same
ply mimicking the system calls through the file systenset of file system function calls as a combination of sys-
API (e.g, read, write, open, close, delete, mkdir, rmdir)tem calls with certain parameters. Second, we are able
Given that tools such as strace [28] already exist to cale predict the runtime of the workload based on this set
lect system call traces, creating such a synthetic work{ constituent micro-workloads. We are working to im-
load would be relatively straight-forward. The problem igprove CodeMRI to deconstruct more real workloads and
that system calls that appear identidad.( have the exact traces [21], in order to create their synthetic equivalents
same parameters) can end up exercising the file system iriThe rest of the paper is as follows: We discuss
very different ways and having radically different perfor-CodeMRI in more detail in Section 2, discuss some chal-
mance. lenges in Section 3, present related work in Section 4,

File systems are complex pieces of system code cogenclusions and future work in Section 5.
taining hundreds of thousands of lines of code spread
across many modules and source files. Modern file sy CodeMRI
tems contain code to perform caching, prefetching, jour-
naling, storage allocation, and even failure handling: Pre, 1
dicting which of these features will be employed by a™
given system call is not straight-forward. FurthermoreThe goal of CodeMRI is to be able to construct synthetic
the storage devices that are physically storing the dagguivalents of real workloads. But there are two chal-
have complex performance characteristics; accesses tolggges in solving this problem. First, we need to accu-
quential blocks have orders of magnitude better perfofately deconstruct real workloads into constitusmicro-
mance than accesses to random blocks. workloads A micro-workload is a simple, easy to under-

Consider the example of aead operation issued stand workload such as thead system call in its many
through the API. This read might be serviced from théorms, each with the same behavior (cached or not, se-
file-system buffer cache, it might be part of a sequentigjuential or random). Second, we need to be able to use
stream to the disk or a random stream, or could involvihe set of micro-workloads to compose a synthetic equiv-
reading additional file system meta-data from the diskalent of the original workload.

Similarly, awr i t e operation might allocate new space, We plan to approach this problem by leveraging two
overwrite existing data, update file-system metadata, sburces of information. First, we leverage domain knowl-
be buffered as part of a “delayed write”. In each of thesedge about the system under test. Second, we use tracing
cases, the exercised code and the resulting performangeobtain useful information about the workload execu-
will be significantly different. tion and the system under test.

Our hypothesis is that to create an equivalent synthetic Domain knowledge about file systems consists of ba-
benchmark for file and storage systems, one must mimgic knowledge about the different features that it provides
not the system calls, but ttienction callsexercised dur- such as caching and prefetching. This is useful to know
ing workload execution, in order to be functionally equivbecause different workloads can exercise different sys-
alent. We believe that if two workloads execute roughlyem features that CodeMRI needs to identify. The do-
the same set of function calls within the file system, thahain knowledge guides the tracing of execution profiles
they will be roughly equivalent to one another. for micro-workloads. For example, we need to have an

In this paper, we describe our first steps in this dire@xecution profile for @ached read

Introduction



For tracing the workload execution, we believe funcworkload. A uniqueness of implies that the particu-
tion invocation patterns and invocation counts provide thar predictor set is invoked exclusively during this work-
amount of detail necessary to understand the benchmdolad’s execution, whilé.5 implies that it has an equal
workload and the functionality that it exercises. This conaffinity with another workload, an@l makes it irrelevant
stitutes theexecution profileof the workload. Our tech- for that workload. Thestability of a predictor set is a
nigue relies on some amount of tracing using a staticallpeasure of the variability of function-invocation counts
instrumented version of the system under test. as some workload parameter is varied. A perfectly stable

In order to address the first challenge — to breakdowpredictor set (i.e., with stability equal i will scale pro-
real workloads into simpler micro-workloads, we com-yortional to theslope as the request size of the workload
pare the execution profile of a real workload with the sas increased, for instance. A stability @fmeans that the
of execution profiles of individual micro-workloads. Wepredictor set scales in a completely uncorrelated fashion
call the execution profile of a micro-workloadmaicro- and is useless for prediction. Thus, an ideal predictor set
profile. To address the second challenge — to synthesif a given workload is one having both uniqueness and
a synthetic equivalent, we intend to compose the micratability equal tol.
profiles together, along with timing and ordering infor- Figure 1 shows a simple example of the predictor set
mation. Microprofiles are thus the building blocks forfor sequential reads having two member functions with

achieving both our objectives. scalingslopesequal to0.85 and0.895, uniquenessf 1,
I . . andstability very close tol. This makes it a good candi-
2.2 Building Microprofiles date for being a predictor set to identify sequential reads.

The first step in building CodeMRI is to identify a com- To compute the slope for member functions in a pre-
prehensive set of micro-workloads and build their microdictor set, we keep track of their invocation counts, as
profiles. We achieve this by running all the system call¢/€ vary a workload parameter. This is done for a small
through the file system API, under the effect of variousiraining range” to create a model. For example, in Fig-
file-system features. For example, in the case oéad ~ Ure 1, the training range for the request size model is from
system call, we build microprofiles for read, cached read00 to 1200 file system blocks. We found that predictor
sequential read, and random read. sets identified by CodeMRI have excellent stability that
Through our experiments we find that keeping tracRxtends well beyond the training-model range.
of sets of function invocations and their counts, during a The predictor set allows us to accurately predict the ex-
workload execution, allows us to build accurate microprdent of the corresponding micro-workload. For example,
files. We also observe that it is cumbersome and unnecéiswe observe a call to the functioext 3_r eadpages
sary to keep the entire execution profile — instead we sandext 3_bl ock_t o_pat h a certain number of times,
lect a small set of function invocations that uniquely chaiwe can infer the corresponding bytes of random read be-
acterize a microprofile. We call this thedictor sebfa ing performed. Similarly the predictor set for cached
microprofile, and consequently the corresponding micrgeads corresponds to the amount of bytes being serviced
workload. A predictor set typically consists of one to fewfrom the buffer cache duringreead operation.
tens of function calls, depending on the number of micro- The choice of a predictor set for any workload is not
workloads. The intuition behind this approach is that eagtpnstant. For a single micro-workload, it is easy to find
function contributes towards completion of a higher leveh predictor set with uniqueness equalltoHowever, for
workload such as aead. Each function thus serves asa real, complex workload, consisting of potentially tens
the smallest unit of “useful work”. The goal is to identifyto hundreds of micro-workloads, there can be significant
a set of functions that uniquely represent the higher levelerlap in the set of function invocations amongst the dif-
workload. In order to identify the set of function calls thaferent micro-workloads, such that finding a predictor set
constitute the predictor set for a workload, from amonggor each of them is not straightforward. The size of the
all the possible functions that contribute, we define sonredictor sets depends on the number of micro-workloads
metrics to help automate the task. to be deconstructed from the real workload. The more
We have three quantitative metrics associated with @mplex the real workload, the greater the number of
predictor set -slope uniquenessnd stability. Two of functions required to construct predictor sets for each of
these, uniqueness and stability (both on a scafetofl), the micro-workload.
are used in the selection of predictor sets. Each memberCodeMRI consists of an algorithm based on linear-
function in a predictor set has sdlopewhich character- programming (LP) to select predictor sets, attempting
izes the rate of change of invocation count with change maximize the uniqueness for each of the micro-
in some workload parameter (such as request size). Werkloads. The LP problem constraints are in the form
define theuniquenessf a predictor set towards a micro-of minimum acceptable values for slope and stability,
workload (such as ead) as its affinity with the micro- wherein the predictor set consists of the top-K functions
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Figure 1: Predictor Set. Figure 2: Accuracy for Macro-Workloads. The leftmost graph shows the accurate
Having an member fUInCtionSpredlctlon of random writes in a macro-workload consistfgwrites and reads (both random
with scaling slopes equal toand sequential). The middle graph shows the ratio of randoites(\WR) to read sequential (RS)
0.85 and 0.895, uniquenesf and random (RR) as predicted by CodeMRI. These ratios shaiatlik relative counts across
1‘ andstability\}ery close ta workloads are also accurate. The rightmost graph shows fimevs the accuracy of prediction
’ under caching. The Model line represents the training raogevhich the slope was computed.

Micro- Variations Parameter prediction of reads under caching. In these graphs, the
Workload Extent or Count “Model” line represents the training range on which the
Read sequential or random| degree of randomness  s|ope for prediction was computed.

cached or not cached| degree of caching

CodeMRl is thus able to accurately identify workloads

Write sequential or random| degree of randomness - .
. - well beyond the small training range of request sizes for
POSIX open, mkdir, rmdir, count hich the sl del ted. onlv for |
calls create, delete, close which the slope model was computed. Only for larger
cached calls degree of caching deviations from this range do we observe inaccuracy.

e.g., open after create In order to verify whether this deconstructed workload

Table 1:List of Micro-Workloads Tested. The table lists has d"?“;y co;relat|0n Wltho?ctual perforl_”?: Tﬁe’ W? usl,e Itto
the various micro-workloads and their variations that wees ~ PT€UICt PErIOrmance and compare wi € actual mea-

constructed with CodeMRI, along with the parameter of isser sured performance. The hypothesis is that if the decon-
that was successfully predicted. struction is accurate, then the sum of time taken by the

that satisfy the given criteria, with K being the numbefndividual m_icro—workload; should be close to the actual
of micro-workloads under consideration. In the absend@€asured time. To predict performance once we have
of any function that satisfies the given slope and stabilidfientified the set of micro-workloads, we simply add the
criteria, the conditions are relaxed until a match is foundtime it takes to run them individually. This is a coarse

In practice, we find that most micro-workloads exhibi€stimate, as it _does not take into account dependencies
a natural division of function invocations, making it feasi @mongst the micro-workloads.

ble to select high-quality predictor sets that give acaurat Figure 3 shows an example of this for a macro-
results during workload deconstruction. workload consisting of random and sequential reads,

23 Using Microprofiles for D nstruction nkdi r, create, anddel et e operations. The left
) sing Microprotiles for Leconstructio graph highlights that the primary contributor(s) to per-

We now describe the use of microprofiles to deconstrut@rmance can be different from the expected ones, and
workloads. We present our discussion with increasin@OdeMRl can |dentlfy the real contributors. The “issued

complexity of benchmark workloads: operations” are the ones issued through the file system
e micro-workload, such asmead orwri t e API. The “actual operations” are the ones being actually
e macro-workload Consisting of micro-workloads issued by the file system to the disk, and not serviced from
o macro-workload under caching cache. The “predicted operations” are the ones identified
o application kernel: PostMark [14] through CodeMRI. In this example, random reads con-

We find that CodeMRI has near-perfect accuracy fdfibute much less to overall runtime than sequential reads
all the individual micro-workloads (not shown). Table 12nd mkdir. The stacked bar graph on the right shows the
shows the list of micro-workloads that we have experiPredicted runtime contributions from individual micro-
mented with and are able to predict with good accuracyyvorkloads. We see that the predicted cumulative runtime

The accuracy continues to be good for macrohatches closely with the measured runtime, demonstrat-
workloads. Figure 2 shows the accuracy of predictiol'd the accuracy of CodeMRI.
for a macro-workload consisting ofeads,wri t es and CodeMRI thus not only deconstructs workloads accu-
system calls such agpen andcl ose, as we vary the re- rately, butthe deconstructed workload is useful in predict
quest size. The leftmost graph shows the accurate prediag performance. We find that the actual runtime of the
tion of random writes, and the middle one shows the ravorkload is in accordance with the predicted workload.
tio of writes to sequential and random reads as predicted.We next deconstruct a popular file-system benchmark,
The rightmost graph in Figure 2 shows the accuracy ¢fostMark [14], that simulates an email workload, and find



Workload Breakdown Contribution of Individual Micro-Workloads profiles, we also need to maintain timing and ordering
o information, in order to issue the micro-workloads while
accurately preserving the original timing, and accounting
for dependencies across 1/O requests. Our current imple-
mentation has the necessary setup to collect most of this
information. We continue to refine CodeMRI in order to
synthesize benchmarks equivalent to real workloads.

14000
12000
10000
8000
6000
4000
2000

Issued Operations =—=
Actual Operations

Predicted Operations s 1500

1000

@
=}
S}

Number of Operations
Time Taken (msec)

0 0
R_seq Mkdir Create R_rand Delete Actual Predicted

Figure 3: Macro-workload Deconstruction.  The
macro-benchmark consists okdi r, creat e, del ete,

repeated random reads to a small file, and sequential reads 3 Cha"enges

to a large file, resulting in random reads hitting the cache. |n this section we discuss potential challenges in building
The graph on the left shows the deconstruction of this macro- -~qdeMRI. and some alternate approaches.

workload by CMRI which identifies the effective (reduced) h h id b | h
count of random reads. The graph on the right shows the ~ Another approach would be to use tools such as

individual contribution of different micro-workloads tavels strace [28] to collect system calls for real applicationd an
the total runtime, as predicted by CodeMRI. replay the trace. This alone will not be useful, since sim-

ilar calls through the API can end up exercising the file
Postmark Workload with Varying Cache Size

g ‘ system in very different ways and have radically different
3 :(5) ] . Open —— 10 performance due to effects of caching and prefetching.

£ 35 Delete - 5 A more effective solution will be to obtain both sys-
TR T b oo - g tem call and disk traces to account for file system policies
g: 23 e FEE%E s § and mechanisms. But correlating strace and disk trace
% 15 | ~Seq Reads E !nformatlon is _not gntlrely stralghtforwarql due to 'Flmlng

£ 101 Total Time £ issues, especially in presence of buffering and journal-
“g 5 1 e ceads ing. Furthermore, the disk I/Q might be reordered or de-
3 % o o0 w0 ° layed, and be affected by file system daemons such as

Cache Size (MB) pdf I ush.
Figure 4: PostMark with Decreasing Cache Size. Semantic Block Analysis [20] is another means to in-

The postmark configuration is 1000 files, 200 sub- fer file system level behavior, but requires detailed file

directories, 4K block size, 1000 transactions, with other p system knowledge. CodeMRI has the added advantage of
rameters as default. CodeMRI accurately deconstructs the being oblivious of the file system in question

effective workload and the total runtime is in accordance .
with the predicted workload. Important micro-workloads ar In its current form, CodeMRI needs source code for

in thicker lines. analysis, which can somewhat limit its scope. However,

i . there is nothing fundamentally limiting CodeMRI to re-
that the accuracy is near-perfect (not shown), as in t ire instrumented source code. In order to collect the ex-

previous cases. We investigate the PostMark worklog@y, tion profile of a workload, tools such as Kerninst [29]
one step further. Figure 4 shows the breakdown of POSty y e jsed. They have the advantage of tracing unmodi-
Mark's workload under varying cache sizes. As the sizg pinaries, without requiring source code access.

?f cach(; decrtla(?sej, CogeMRl 'Sf able to ﬁegufy Ic;[s ef- actors such as configuration parameters, hardware
ecton the workload, as there are fewer cached reads, tings and real-time traffic can also affect the perfor-

sequentla_ll reads becoming mcre_asmgly “random”. Thﬁlance of a system. These factors cannot be captured by
total runtime of the benchmark is also proportional Qhe application source code alone. Since CodeMRl is de-
the overall e_ﬁective workload, making it a useful perfor-Signed to operate on the running workload (and not as a
mance predlct-or. , static analysis), it is going to capture the effects of these
_Ourevaluation of CodeMRI's accuracy for anumber of e factors as they drive the source code into differ-
simple to more complex workloads gives us confidencg, regimes of operation. The goal of CodeMRI is to de-

in applying it on real applications and file-system traceg.ongtryct a running workload, as opposed to generating
We are trying to incrementally increase the complexity of | the different workload execution scenarios.
the input workload, and are currently deconstructing file-

system traces, such as one from HP Labs [21], with the
final goal of running CodeMRI for real applications. 4 Related Work

2.4 Using Microprofiles for Synthesis We leverage system profiling and file system domain
' knowledge to understand internal system behavior dur-

The final step in the construction of realistic synthetiing execution of real workloads, and use that to create
benchmarks is to use the microprofiles to synthesize agnthetic equivalents of the workload. Several tools al-
equivalent workload. In addition to building the micro-ready exist for instrumenting and profiling systems, such



as, Kerninst [29], Dtrace [5] and gprof [12]. For our anal-[3]
ysis, the level of instrumentation provided by static instr
mentation was sufficient since almost all of CodeMRI's|4
logic lies outside of tracing. In the future, more sophis-
ticated profiling tools can be integrated. Similar to our s
work, performance debugging of complex distributed sys-
tems [1, 4, 6] also uses tracing at various points to infefS!
causal paths, diagnose and tune performance bottlenecks,
and even to detect failures using runtime path analysig’]
A number of tools have been developed to understand,
deconstruct and debug complex software systems sudfl
as Simpoint [24] and Shear [8]. Delta debugging is an-
other technique that uses an automated testing framewor$g
to compare program runs and access the state of an ex-
ecutable program to prove the causes of program fa“Eo]
ures [34]. Mesnieet al. have proposed “relative fitness” [11]
models for predicting performance differences between
pair of storage devices [17]. A relative model captures
the workload-device feedback, and the performance afic]
utilization of one device can be used in predicting the per-
formance of another device. This shifts the problem fromi4]
identifying workload characteristics to device character
istics. In the future, it will be interesting to use CodeMRI[15]
together with relative fitness models. Finally, we bengs]
efited from opinions expressed in other “Hot” papers on

benchmarking [18, 23]. [17]
[18]
5 Conclusions and Future Work [19]
[20]

| =

We have presented our first steps in building CodeMR
a tool that enables the construction of realistic synthetic
benchmarks from real workloads and file-system tracelél]
Our initial results in applying CodeMRI to simple work-[22]
loads have been promising. We intend to continue im-
proving its accuracy for more real-world workloads.

Several challenges remain to be addressed — our c(e4]
rent implementation is meant to illustrate the benefits of
CodeMRI and is not optimized for production environ{2s]
ments. In practice, we find that the small amount of trac-
ing doesn’t slow down the system appreciably, but 0626]
timizations for performance and accuracy are certainlg7]
possible. We also plan to explore use of statistical tecr[12-8]
nigues similar to ones used in bug isolation [15] to imr29
prove accuracy and stability of predictions. Another goal
is to minimize runtime variability due to concurrent ac+{30]
tivity and non-reproducible events (e.qg., interrupts).

(31]

References

[1] M. K. Aguilera, J. C. Mogul, J. L. Wiener, P. Reynolds, ahd\.
oen. Performance Debugging for Distributed Systems of IBlac
Boxes. InNSOSP '03

[2] D. Anderson and J. Chase. Fstress: A flexible network éleise
benchmark. INMR, Duke University, May 2002.

[32]
(33]

(34]

] Gprof.

E. Anderson, M. Kallahalla, M. Uysal, and R. SwaminathBut-
tress: A toolkit for flexible and high fidelity I/O benchmanij. In
FAST '04 San Francisco, CA, April 2004.

P. Barham, R. Isaacs, R. Mortier, and D. Narayanan. Magpi
Real-Time Modeling and Performance-Aware Systemg$1dtOS

'03.

B. Cantrill, M. W. Shapiro, and A. H. Leventhal. Dynamitsiru-
mentation of production systems. USENIX '04 pages 15-28.

M. Y. Chen, A. Accardi, E. Kiciman, D. Patterson, A. Foc

E. Brewer. Path-Based Failure and Evolution Management. In
NSDI '04, San Francisco, CA, March 2004.

P. M. Chen and D. A. Patterson. A New Approach to 1/O Per-
formance Evaluation—Self-Scaling 1/0 Benchmarks, Ptedit/O
Performance. IBIGMETRICS '93

T. E. Denehy, J. Bent, F. I. Popovici, A. C. Arpaci-Dussgand

R. H. Arpaci-Dusseau. Deconstructing Storage ArraysASP-
LOS Xl pages 59-71, Boston, MA, October 2004.

M. R. Ebling and M. Satyanarayanan. Synrgen: an extéméie
reference generator. BIGMETRICS '94

M. Eisler, P. Corbett, M. Kazar, D. S. Nydick, and C. Wagn
Data ontap gx: a scalable storage clustef=AST'07

S. Ghemawat, H. Gobioff, and S.-T. Leung. The Google Bys-
tem. INnSOSP '03
http://www.gnu.org/software/binutils/maaligprof-
2.9.1/gprof.html. 1998.

J. Howard, M. Kazar, S. Menees, D. Nichols, M. Satyaymmnan,

R. Sidebotham, and M. West. Scale and Performance in a Dis-
tributed File SystemACM TOCSFebruary 1988.

J. Katcher. PostMark: A New File System Benchmark. Téec
Report TR-3022, Network Appliance Inc., October 1997.

B. Liblit, M. Naik, A. X. Zheng, A. Aiken, and M. |. JordarScal-
able statistical bug isolation. IRLDI '05.

M. P. Mesnier, M. Wachs, R. R. Sambasivan, J. Lopez, &-He
dricks, G. R. Ganger, and D. O'Hallaron. trace: paralletéra
replay with approximate causal events.HAST '07

M. P. Mesnier, M. Wachs, R. R. Sambasivan, A. X. Zhengl an
G. R. Ganger. Modeling the relative fithess of storage.

J. C. Mogul. Brittle metrics in operating systems resha In
HotOS '99

W. Norcutt. The
http://www.iozone.org/.
V. Prabhakaran, A. C. Arpaci-Dusseau, and R. H. Arfiausseau.
Analysis and Evolution of Journaling File Systems. USENIX
‘05, pages 105-120, Anaheim, CA, April 2005.

E. Riedel, M. Kallahalla, and R. Swaminathan. A Framewfor
Evaluating Storage System Security.AAST '02

F. Schmuck and R. Haskin. Gpfs: A shared-disk file system
large computing clusters. IFAST '02

I0zone Filesystem Benchmark.

] M. I. Seltzer, D. Krinsky, K. A. Smith, and X. Zhang. Thase

for application-specific benchmarking. HotOS 1999.

T. Sherwood, E. Perelman, G. Hamerly, and B. Calder.ofuat-
Egglly characterizing large scale program behavior. ABPLOS
SNIA. Storage network industry association: lotta agipory.
http://iotta.snia.org, 2007.

D. A. Solomon. Inside Windows NT Microsoft Programming
Series. Microsoft Press, 2nd edition, May 1998.
SPC. Storage performance
http://www.storageperformance.org/, 2007.
strace. http://linux.die.net/man/1/strace. 2008.

council.

] A. Tamches and B. P. Miller. Fine-grained dynamic instenta-

tion of commodity operating system kernels.$DI '99.

D. Thain, J. Bent, A. C. Arpaci-Dusseau, R. H. ArpacisBeau,
and M. Livny. Pipeline and Batch Sharing in Grid Workloads. |
HPDC 12 pages 152-161, Seattle, WA, June 2003.

A. Traeger, N. Joukov, C. P. Wright, and E. Zadok. A nireay
study of file system and storage benchmarking. Acceptedufor p
lication, ETA February 2008.

S. C. Tweedie. Journaling the Linux ext2fs File Systelm.The
Fourth Annual Linux ExpoDurham, North Carolina, May 1998.
M. Wittle and B. E. Keith. LADDIS: The next generation NFS
file server benchmarking. [@SENIX Summer993.

A. Zeller. Isolating cause-effect chains from compyieograms.
In 10th FSE 2002.



