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Abstract

This thesis presents a new measurement methodology especially degigne
improve the performance of interactive systems as perceived logéhdiser-perceived
performancg Current performance measurement and tuning techniques suffer from a
multitude of problems when applied to interactive systems. Our reliandhese tech-
niques for interactive system performance tuning has caused thmsystbe tuned in a

suboptimal manner with systems often failing to provide predictable performance.

Current performance measurement techniques concentrate on improving through-
put rather than latency. These techniques also tend to measure bgstavior under
tightly-controlled situations. This approach makes it highly unlikelygoadier infrequent
performance problems that occur as a result of unexpected interaatimmg several
agents in the system, such as the operating system kernel, applpatyrams, and vari-

ous servers and daemons.

We have devised a methodology that addresses the weaknesses of @asemém
ment techniques. Our methodology is designed to determine the causewhaece
problems that occur in interactive systems under normal use and plague useisom/e ac
plish this goal using continuous monitoring and postmortem analysis. Once tiie exa
cause of a performance problem is determined, we verify our anblysienstructing
microbenchmarks that recreate the load condition that causes tam gpsexhibit the
problem. We then use these microbenchmarks to evaluate possible seeimadieproduc-

ible manner.



Using the methodology devised, we have identified the exact causes dil sever
problems with BSD/OS operating system kernel and common algorithinsabhl oth-
erwise had gone undetected. In one instance, processing of a pagefauliytakenX
server was delayed for several seconds because the system #tleywadeout daemon to
monopolize a pre-allocated structure needed to initiate a pagepirest. The CSCAN
disk head scheduling algorithm further contributed to this problem by not favoring
latency-critical, page-in requests over less timing-criticafjepat requests. In another
instance, an oversight in the process priority calculation algorithnedanewly-created,

compute-bound processes to starve interactive processes.
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Chapter 1  Introduction

We measure computer systems performance for two major purposes. Thedirst is
rate the overall speed of the system. The results of such experiarendften used to
compare hardware and software designs and implementations. The second putpos
tune the performance of existing systems by identifying and understanding various bottle-
necks in the hardware or the software. A common underlying assumptlaotticapplica-
tions is that the measured results correlate well with théorpeaince characteristics
desired by the environment in which the system is actually deployedidnfor the mea-
surement results to be useful, better performance measurements@ans‘better” per-
formance as applied to the actual workload of the computer systems.

In recent years, computer systems have become increasingly inerastially
employing Graphical User Interfaces (GUI) such as the X Windoygserms and
Microsoft Windows. In these systems, users interact with the cemfat more fre-
guently than in traditional computer systems, such as those based omarzbime
interface or systems used for scientific computation or trawsaptiocessing. Another
factor that makes these interactive systems different from ntiomal systems is that
“performance” is determined by the user’s opinion. This metiser-perceived perfor-
mance is different from the performance metric most commonly usetaint is affected
greatly by the subjective judgment and physical limitations of users.

Despite the difference in the way actual performance is detednive continu-
ously apply and tune interactive systems based solely on conventional, througisput-se

tive measurement techniques [5][29][45]. The results of these benchmepresent a



system'’s average performance, which is only one of many factors that determiperuse

ceived performance. These benchmarks provide little or no informdimut ather fac-

tors that influence user-perceived performance, such as latandythe variability of
latency. By basing performance tuning decisions solely on the performastde that
represents only one of many aspects of user-perceived performanes dgstgners are
sometimes misled into making design and implementation decisions Yeatihaverall
negative impact on user-perceived performance [3][11]. As a r@sitactive systems
are tuned suboptimally. “Real” performance problems—performance prsileat actu-
ally annoy users, such as unexpectedly long response times—remain uncorrected.
The most important performance metric of interactive systerasesperceived
performance. User-perceived performance is highly subjective andultitiicquantify.
This warrants a new measurement and performance tuning techniqueaifh&ntribu-

tion of this dissertation is the development of such a measurement methodology.

1.1 User-perceived performance

In interactive systems, users’ perceptions of performance arelycledated to
response time and the variability of response time, both of which cquanéified with
moderate effort, using some newer tools and techniques [11][15]. HoueWee best of
our knowledge, there are no tools available for interpreting a collegftievent latencies
and determining which ones actually irritate users. For example,afant’s latency is
below the threshold of human perception, that latency contributes nothing toriteser

tion. Once a latency does cross over into the realm of perceptithire are no guide-

1. In this thesis, we use latency, response time datay interchangeably.



lines by which to assess the impact of the delay, but the relapobstween response
time and irritation is practically guaranteed to be nonlinear. Morepvevious studies
have argued that user expectation is a critical component of useivperperformance
[11]. There is a qualitative difference between a five-second éelaoing a keystroke
and a five-second delay starting up an application. Unlike latency, etipedgadifficult
to quantify because of its psychological aspect and because it édlparteflection of the
performance characteristics of the system to which the usdrelsame accustomed. As
users become familiar with a system, they become trained totequesin delays for each
type of operation. While these delays may not delight users, users elyeadijizét their
behavior in the face of long latencies to minimize errors and dtigstr [27][35][41].
Instead, what annoys users the most is response time variabilitgr&@dtest contributor
to “bad” user-perceived performance is when an event takes an unexpamigdime to
complete, without apparent reason [35]. Therefore, the key to improving useivpd
performance is to identify such situations, understand why they occur and motbinsys

to eliminate them.

1.2 Identifying problematic situations

It is extremely difficult to quantify user-perceived performanceabse users’
judgements are highly subjective. We eliminate the need to quantifpeismrived per-
formance for our purposes by involving the user in the process of identiffilagjans in
which system performance was unacceptable. We ask the user to tinformeasurement

infrastructure when s/he experiences bad performance and ask the preside us with



a brief description of the operation with which s/he had a performaobéem, such as
“the menu did not show up quickly enough” or “mouse pointer movement was sluggish.”
In addition to such a description, we must determine the exact time interval during
which the user experienced the performance problem. To make suchnairtkgion, we
must identify the beginning and the ending points of user-visible tramssaaind also
identify which transaction exhibited unacceptable latency. Useraténtransactions by
operating an input device such as the keyboard or the mouse. We infer wheisibke
transactions begin by examining keystrokes and mouse interrupt arrivéis. éid of the
transaction, the system gives feedback to the user by displaying irtorroatthe screen.
We infer the endings of transactions by examining when operationstudte screen
updates complete. By examining the text strings displayed on the scregntterirans-

action, we determine the type of the transaction.

1.3 Thesource of perceptible variability in responsetime

The goal of our measurement methodology is to identify the cause ofstieens
exhibiting unexpectedly long response time to process a user-visible transactioexa
pectedly long event is one that is normally processed much more rapidly. This goal diffe
from conventional tuning approaches in several ways. First, we can igobterps that
induce latencies too small to be perceived by users. For example, changdssh el
cache hit ratio are unlikely to cause sufficiently large pertiohsto performance that a
user would notice them. Second, we are focusing exclusively on operating $ysters
that contribute to poor user-perceived performance. Tuning individual appiEegand

user-level libraries, such as user-level thread packages), wehigéenty important, is left



for future work. Third, we are restricting ourselves to problems whagses are on the
local machine. If the problem is remote, we wish to identify g, but we are not yet
attacking the distributed tuning problem. Within the framework imposetidsetlimita-
tions, we have determined the causes for such variability to be one@ombination of
the following:

1. A change in the amount of CPU time required to complete the transac-

tion.

2. A change in the amount of time that the program spends waitin@for |/

operations and/or the availability of resources.

3. A change in process scheduling decisions.

In this section, we describe each of these factors in detail andtishbthiese are the only
software-related sources of user-perceptible variability in response time.

The first source of the variability in response time is a change in the amohat of t
CPU time that the application and operating system require to centpke transaction.
Note that we are more interested in the change, not the absoluatash CPU time that
the operation requires. Users learn to expect the average refipunseat the operation
exhibits. Our techniques are designed to capture unexpected delays. Ehise cases
where the response time deviates significantly from the norm.

Changes in the amount of CPU time that a transaction requires @arbecause,
for some operations, the amount of computation required is variable,depending on
the tasks previously performed. For example, the cost to search for amiefimked list
is highly dependent on where the target item is located on the histh wepends on the

order of past insert operations. Both the application and the opengitegigperform such
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Figure 1: Process Scheduling Sate Diagram. Each active process in the system is assignedfdhe three schedulii
states, and a well-defined set of edges connese thtates. The process in the running state isehctxecuting on tt
CPU. A runnable process has access to all the ne=othat it needs to make forward progress amdigng only fol
the availability of the CPU. A blocked process &itimg for the avilability of one or more resourdssassociating itse
to one or more wait channels, which representekeurce (s).

operations and thus can change the amount of computation that they require to complete a
transaction.

Other than the changes in the amount of CPU work required to complatesac-
tion, the only remaining causes for perceptible response time vayiadithe changes in
the amount of time that the transaction spends not executing on the GRUofMhe
operating systems break this time into two staBdésckedand Runnable The Blocked
state corresponds to the case where the process cannot exeause iesavaiting for the
completion of an I/O operation or for the availability of some resoufbe Runnable
state corresponds to the case where a process is not running lieayserating system
has decided not to allocate CPU time to the particular processe Two states, in addi-
tion to theRunningstate (a process actively executing on the CPU) and the edgesrthat ¢
respond to all the allowed state transitions between them cortipipeocess scheduling
model depicted in Figure 1. In this process scheduling model, all acteegses in the

system are assigned one of these three states. There atedafiwetl set of edges con-



necting these three states. A processes traverses edge Ahel@nU scheduler decides
to execute the process on the CPU and traverses edge B when theesthkdsithe CPU
away from the process. If, while executing on the CPU, the processmpeiarl/O, takes
a page fault, or accesses a resource that is not availableptkeegwill traverse edge C to
enter the blocked state. A blocked process traverses edge D to breco@ele when an
asynchronous event, such as a disk interrupt notifying the completion of an |&Qimper
signals the operating system that the condition for which the praesssaiting has been
met. There is no edge that takes a process frorRuin@ablestate to théBlockedstate,
since a process must be executing a sequence of instructions onlthie @#er to ini-
tiate a blocking operation, such as an 1/O or a pagefault. Thereforecess in th&un-
nable state can only reach tl&lockedstate by first entering thRunningstate. This
model, in the exact or slightly varied form, is used by most generpbgeioperating sys-
tems [10][17]. One notable exception to our process scheduling modelXSwhich,
in its native form, does not have support for multiprogramming (running neubifd-
cesses simultaneously).

In the discussion below, we begin by introducing a simple uniprogrammed execu-
tion model without I/O demands and explain how the process model aboveésidsr
introducing complexity to the system. Simultaneously, we explain hoypresely these
changes that introduce the response-time variability that we seek to eliminate.

First, consider executing a transaction that is pure computation on a simple system
with no multi-programming or virtual memory support. Such a transactibbspend its

entire lifetime executing on the CPU, and the time required to etenfthe operation



depends solely on the amount of CPU time necessary for the computatidimé hieat
the transaction spends not executing on the CPU is zero.

Next, we extend this model to allow the transaction to include 1/Catpaes such
as disk accesses and/or network operations. During these operationBUheilCstop
executing the program, awaiting completion of the 1/0. A process in this condition cannot
be allowed to execute on the CPU, and the operating system mustrdiffte this process
from the one executing on the CPU. The operating system marks théigg waicesses
to be in the blocked state. For efficiency, each blocked processosiaed with a wait
channel, which associates the process with the resource for whigindcess is waiting.
This allows the operating system to selectively wake up (i.e., marfrbcess no longer
blocked) processes depending on the resource that became availableoliheddrtime
the transaction spends waiting for 1/O operations can change, introdudadgjlitgrin the
time that the transaction spends not executing on the CPU, which, infteicts eesponse
time.

Next, let’s consider a system with virtual memory. With virtar@mory, the pro-
gram can now take page faults, which also cause the CPU to suspauttbax@cthe pro-
gram waiting for the completion of the page fault processing. Thefis a@ also
examples of the second class of response time variability—delay d@edperations. By
recording when a process blocks and when it becomes runnable, wesibadetarmine
delays due to such waits.

Now consider adding multi-programming capability to the system. In a-proki
gramming environment, the operating system must often select one of lig#vig ero-

cesses to run on the CPU. Conversely, when a process is running on theh€PU



operating system may decide to prevent it from running to enable soméhogner pri-
ority) process to run. In this case, the processes that are etwjihle (i.e., that are not
waiting on any resources or 1/O) are in a fundamentally differate shan processes in
the blocked state. They are not on the CPU, but they are not waiting for theettomef
any 1/0O event or the availability of any resource. The operating systehdifferentiate
these ready-to-run processes from those in the blocked state.réhégeo-run processes
are commonly referred to as being in the runnable state. The operatem’systheduler
dictates which runnable process executes on the CPU and for how longegisisn is
an example of the third class of response time variability—process schedulingréecis

The addition of multi-programming introduces another source to the secssd cla
of response time variability—resource contention. With multiple prosessecuting on
the system, it becomes necessary to serialize accesseset Igsurces. The operating
system blocks processes that request resources, such as buffersviees, deat are
already in use. As in the 1/O case, such a process will be phe ildcked state until the
resource becomes available.

Having presented the standard model of process scheduling and demonstrated how
and why wait time is represented in this model, we can now retour wategorization of
the variability in response time. It arises by a change in the arobuoatnputation that a
transaction requires and/or by a change in the amount of time that tess(es) involved
in handling the transaction spent not executing. The amount of time thaarisaction
spent computing is equivalent to the amount of time the transactionisgletrunning
state. The amount of time that the transaction spends not execugipgaisto the sum of

the time spent in the runnable and blocked states.



1.4 Identifying the source of perceptible variability

In the previous section, we described the possible software-refatesgs of
response time variabilities. In this section, we discuss the stratagyelmave devised to
monitor these sources of variability. In Section 1.4.1, we descrikieftirenation that we

collect to monitor each source. In Section 1.4.2, we describe thetiimgaf our strat-

egy.

1.4.1 Information collected

The first source of response time variability is the change imn@unt of CPU
time that the operation requires. We monitor changes in the CPUdgugement using
profiling information. By sampling the value of the program counter aea fnterval, we
can approximate the amount of CPU time consumed by the task and deteihaneein
the system, within the application and/or the operating system, theti@Us spent.
When the system exhibits unusually long latency processing a transactioan\ascer-
tain the cause by comparing the profiling information collected during tieeon inter-
val to that collected when the system processed a similar ¢tenmsavith acceptable
latency.

The second source is the change in the amount of time that a proeeds wait-
ing for an 1/0O or the availability of resources, and the thirdesalt of process scheduling
decisions. A process will be in the blocked state when it isingafor an 1/O or
resource(s), and it will be in the runnable state when it is waitinéo€PU scheduler to

run the process of the CPU. We ascertain the amount of time that the pg)dess{eed

10



in handling the transaction spends in each of these states by captueimgach process
traverses the edges connecting the three process-scheduling states shown in Figure 1.

For every blocked process, we record the wait channel with whichssaciated.
When we find that the cause of a long response time is a prgeesdirgy an unusually
long time in the blocked state, we use this information to idemtéydésource, which can
be a disk queue, a buffer, an IPC socket, etc. This information adsesalk to ascertain
dependencies between processes when handling a transaction involves prokigdses,
as is the case with X Windows user-interface transactionshwises IPC for client-
server communication.

A process spending an unusually long time waiting on a wait channel is a sign that
the resource associated with the channel is highly contested, and we must understand how
such contention arose and eliminate it. For this task, it is ofteess@y to understand
how the resource is consumed. To this end, once such a resourcefietjevdi use addi-
tional instrumentation points to examine allocation and deallocation afetiairce in
guestion. Identifying all possible resources for which such contention can occur aspriori i
challenging, so we have adopted a strategy of adding instrumentation paieis asn-
tested resources are identified. In a commercial system, wel wouision providing the
ability to capture all resource information. Under initial deployméns, detailed moni-
toring would be disabled. Whenever a resource contention issue is identified, tha-moni
ing associated with that resource would be enabled.

By recording when each process traverses edges entering and leaving the runnable
state, we can determine the scheduling decisions that the probedsilsc made. This

information alone is sufficient to determine whether the sourcleeopérformance prob-

11



lem is the scheduler. Alone, however, it is not sufficient to indittateernel developers
how to construct a fix. Instead, this information sufficiently narrdasn the source of
the problem (i.e., narrowing from an OS problem down to a scheduler prothairthe
developers are better able to diagnose and correct it. At this beitevelopers may take
advantage of TIPME and scheduler-specific knowledge to collect addijtiomae
detailed data that identifies the exact source of the problenuritamyet platform, the
scheduler bases its decision on process priorities; identifying aodlireg this class of
information enables us to find the exact problem in the algorithm. Wifiement sched-
uling algorithm, different information might be collected. For example, uadettery
scheduling system, one would record the current ticket allocations aresthieof the lot-
tery for each scheduling decision.

The information we collect allows us to detect changes in thmuatrof work
required to process a transaction. This information also allows identfy the reason
that the process is kept from performing this work, which may be one or a combiofati
the following causes: scheduling decisions, device wait, and/or resource icontiérihe
source of the variability is a change in the amount of work that @heaction must per-
form, we use profiling information to determine where the extra iBrbeing spent and
either propose or make algorithmic changes. If the source is as€idduling decision,
we determine why the scheduler made such a decision and corrpatlthem. Finally, if
the source is the resource wait, we study how this highly-contesiaarce is being used

and reduce contention.

12



1.4.2 Limitations

In this section, we discuss the limitations of our measuremeégyrin each of
the following categories:

1. Measurement granularity.

2. Understanding the source of delays.

3. Diagnosing device problems.

Some limitations are introduced as a result of the focus ofttidy-sto under-
stand user-perceivable delay. Some are introduced for simplicitgoamel are an inherent
limitation of our software-based approach. We describe the limitations in détal be

First, our methodology concentrates on diagnosing the sources of user-perceivable
delays, which are typically at least several tens of millisecand®ften as long as several
seconds. The data we collect have sufficient detail to diagnose events wathatbaesies,
but the data we collect are sometimes too coarse to diagnassues of sub-millisecond
delays. This limitation does not pose a serious problem, for humans carceweesub-
millisecond delays.

Second, there is also a limit on how much understanding we can gain ladout t
source of the delay. We treat some of the sources of delay &bbbkes—some to make
the problem simpler and others out of necessity. We assume thiaatpplprograms do
not do their own thread scheduling. While this assumption holds mostly truelWiNgéer
operating systems where multi-programming capability was built intesyeem from
day one, it does not always hold true in Microsoft Windows softwasgstem initially
developed with no multi-programming capability [22][28]. We expect such pragtam

slowly disappear as newer versions of Microsoft Windows support kewvelldhreads
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and various coding guidelines encourage use of such facilities [10][30]. Veealso
decided to treat network-related delays as a black box. Considentsgrver architec-
ture with our measurement infrastructure deployed on the clierttingacTypically, the
client program will perform a network 1/0O waiting for a responsenfthe server. The
measurement infrastructure will recognize this delay only as netWordelay although
such latency is combination of network transfer latency and the lateitttywhich the
server provided a response, which can be further broken down into CPUntinvead
time, in the same way we have broken down the response time on tlterdhine. A
setup that enables such diagnosis is a straight-forward extensiomoeéthadology. Such
a setup requires us to deploy the measurement infrastructure on both cliestvandusd
coordinate their activity, such as associating requests arrivthg aerver with a transac-
tion that user initiated on the client. While implementing suclagtfucture is interesting
and useful, the majority of interactive systems are used mostly as stand-attmeesa
people’s homes where the only connection to the outside is via a modeWdihave left
exploring distributed systems and coordinating distributed data collection as future work.
Finally, we are also unable to determine the cause when a dawbeas a disk,
misbehaves. Modern disk drives often have intelligence built in, makingsity$or the
disk to behave in unexpected ways, such as spending several seconds rngrapl&tD
request for no apparent reason. Our infrastructure will identify wiheim & device is the
cause of long latency, but cannot determine why the device behaved in suimer.

These problems are well outside the operating system'’s control.
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1.5 Thesiscontributions

This thesis introduces a performance measurement and tuning methodology
designed to enable the analysis and elimination of performance prollamsohven-
tional measurement techniques are ill-equipped to solve, namely, initegoéeasily-
reproducible performance problems. Our methodology concentrates on improving user-
perceived performance by removing the occurrence of sporadic, long latdrati@isers
find unacceptable.

This thesis identifies and demonstrates the problems that avise dpplying
throughput-sensitive performance measurement techniques to intergstiems Con-
ventional benchmarks, whether designed to measure throughput or latency, ctenoantra
obtaining stable, repeatable results excluding data points that devidite from the
norm [4][7][21], when in fact, these data points are exactly the onewé¢haeed to under-
stand in order to improve user-perceived performance. To measur&ctiversystem
throughput, benchmark programs commonly saturate the system’s input request stream by
injecting requests into the system as quickly as the system gt doem. This technique
ignores the fact that normal interactive users are incapalpeodficing such an input
stream because of the physical limitations of users and input dexicaajor problem
with this technique is that we cannot guarantee that a given benchmark perfornmsethe sa
amount of computation across different hardware. Many sophisticated inte egupiiea-
tions change the amount of work they perform depending on the input rate and the
machine speed [7][11][22]. We will also show that the speed of sgtauch as anima-

tion, that are programmed to execute at a predetermined rate leagedaect relationship
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with system performance and can yield difficult to understand androfségading results
[11].

Our measurement methodology is centered around The Interactive Pederma
Monitoring Environment (TIPME), a new measurement infrastructysectally geared
toward improving interactive system performance. TIPME is a me@&nt system that
enables the diagnosis of events that irritate users. Using TIRBNBperating system
developer can isolate and eliminate the causes of these everks. ¢dmventional perfor-
mance improvement techniques, we do not attempt to quantify system @eréerm
Instead, we take advantage of user input to determine when performanoeebainac-
ceptable. By understanding cases in which the user indicated thattdra sybibited bad
performance and eliminating their causes, we can improve user-perceived pectarma

We will describe, apply, and demonstrate the measurement methodoldmveve
developed. This approach uses TIPME to identify performance problemacthatly
annoyed users and to pinpoint the exact causes of the problems. Once Ve tident
exact cause of a problem, we construct a microbenchmark that reprddeddsentical
problem. We then use the microbenchmark to evaluate possible solutibespi@blem.
Once a solution is achieved, we install the modified system and camlguaonitor its
performance still using TIPME. As new problems are encounteredythe repeats. In
this thesis, we present two iterations of this methodology to correct problemsttiadiyyac
irritated users.

The first problem caused the console to pause for several seconds \Wwaany
memory load was present in the system. TIPME output showed that seevr was

blocked for several seconds waiting for a page fault to be handled. Thesvoeaises
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of this particular problem. The first was a minor oversight in thg & critical structure
was allocated. The second problem was the disk request sorting algorithm, Nelweld a
a relatively short, latency-critical disk request to queue behind naageg, Inon latency-
critical disk requests. This disk request sorting algorithm isnaepexample of how a sys-
tem tuned for throughput can adversely affect interactive performance.

The second problem caused the mouse pointer movement to lag for eweral
dred milliseconds when a large build job was executing in the system. HPME out-
put, we determined that the operating system was allocating theidcC&snpute-bound
compile jobs instead of the interactive X server process. This preventedséreex from
handling the mouse requests. This problem uncovered two problems with the way process
scheduling is currently handled by the operating system. The first problemthe
assumptions that the scheduler makes about newly created processeshddhder
assumes that newly created processes are I/O bound (i.e., they tgwvel tp the CPU
voluntarily) unless the process proves otherwise. It often takesabéuedred millisec-
onds for the scheduler to adjust to the true behavior of newly createzbgesc Mean-
while, these newly created processes are allowed to starvepotitesses in the system
that have been assigned priority levels appropriate for their CPU cptisnroharacteris-
tics. The second problem is the way the scheduler charges CPU taspgmesses.
Although the X server performs most of its work on behalf of other psesgthe X server
process is charged for the work and has its priority lowered.

The fact we have found these problems in a mature operating systers that
the latency aspect of operating system performance has long been etkgating

development, various performance problems are introduced into the systersTand
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developers remove these performance problems using benchmarks prleasmngethe
product. The benchmarks most often used are sensitive to changes intbysteghput
rather than latency, and even in cases where the benchmarks measayettagorogram
is geared toward measuring average latency, often throwing away dais thait vary
wildly from the norm [4][5][21][29][45]. These benchmarks help the developar®ve
performance bugs that affect system throughput but do little to help vhigers iden-
tify and remove latency-related performance problems, particularlye thws affect
latency variability. A measurement technique such as ours introdgysgeanatic way to
identify and remove performance problems that affect latency. \dsicly a technique in
conjunction with throughput-sensitive benchmarks, we can tune operating systems
latency as well as for throughput.

Although we have limited the application of our measurement methodolalgg to
improvement of user-perceived performance, the methodology has furtheraitiopis
and applications to systems for which response time, not just the throughput, is important.
Such systems include real-time systems and systems with abftrme requirements,
such as those that perform software-based signal processing. Teclsmgileasto ours
can be used to identify the reasons why a system performs outsldsigeed constraints.
Another class of systems for which latency is important is-weéated servers and trans-
action processing systems. Web servers must be able to handle masysrpguenit of
time (i.e., must have good throughput) but must also deliver web contergrits aliith
acceptable latency. For transaction processing systems, the laggacgment is explicit.
Transaction benchmark suites such as TPC-B measure throughput betaisothe sys-

tem to process each transaction within a specified responseAyaie., a methodology
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similar to ours can be used to identify the factors that contriblbadgoatency and make
appropriate optimizations. Such techniques should be used in conjunction with conven-
tional throughput-tuning techniques to improve both the latency and the throughptit aspec

of system performance.

1.6 Dissertation outline

In Chapter 2, we discuss related work in performance and measurement methodol-
ogy and human-computer interaction.

Chapter 3 discusses and demonstrates the problems with the way emlgurr
measure and tune interactive systems. Throughput-based measuremeqtiéschwiich
are widely used to rate or tune interactive system performantaejuce myriad problems
when applied to interactive systems. We explain these problems inaget@emonstrate
how these problems affect the measurement results.

Chapter 4 presents The Interactive Performance Environment (TIPME), which has
been specifically designed to help identify, understand, and eliminate etedgdong
response times that negatively affect user-perceived performalfddETaccomplishes
this task by continuously monitoring all the possible software sourcesspbnse time
variability.

Chapter 5 demonstrates the effectiveness of TIPME. We describevaoused
TIPME to identify and correct performance problems that 1) actiraligted interactive
users and 2) had remained undetected by conventional measurement techniques.

Chapter 6 discusses the applicability of TIPME to systems otherthieatarget

system. In particular, we use the microbenchmarks to deterntime jperformance prob-
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lems that we observed in the target system are unique to thedgstgn or if they are
commonly experienced by other systems. We also discuss how we cathmakalysis

easier by instrumenting X clients. X clients do not need to be institechén order to

work in TIPME, however, the postmortem analysis can be made much sifnglents

are modified to provide a bit of extra information. The feasibilitguth instrumentation

is discussed as well.

Chapter 7 presents conclusions and lessons learned and discusses howadve shoul

approach performance measurement and tuning of interactive systegtsanhbecom-

ing increasingly dominant.
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Chapter 2  Background

Our work draws on research from the conventional measurement comnainity a
well as research from the human-computer interaction (HCI) contynimproving inter-
active system performance requires knowledge from both domains. Badad kmotvl-
edge, we devise a new measurement and performance tuning technigddrésges the
weaknesses of current measurement techniques. Our technique improvyesreeged
performance by eliminating latencies that annoy users. To identifyatise of such long
latencies, we use continuous monitoring and postmortem analysis.

In Section 2.1, we discuss relevant HCI research results, and lshowhese
results form a basis of our measurement strategy. In Section 2dgsegbe commonly
used measurement techniques and their shortcomings. Section 2.3 revemswerk
that concentrated on computer systems’ latency, rather than throughpettion2.4, we
contrast TIPME with other systems that use continuous monitoring andgotestranal-

ysis. Section 2.5 concludes.

2.1 Human-Computer Interaction

HCI researchers have shown that a user’s perception of perf@rhasa direct
relationship with response time. They have also shown that decreaspanse time
below a certain threshold does not result in improved user-perceivedpantce and that
users’ judgments about performance are affected greatly by their expefdatied from
past experiences. These findings form the basis of our performance measurement and tun-

ing strategy. Our technique specifically aims to measure and imjatevey, for users are
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sensitive to response time. We argue that throughput-based performaricge ane inap-
propriate for measuring interactive system performance since througieagures treat
all latency equally regardless of its duration. We have chosen to rergenosify the mea-

surement system when they experience a performance problem, bec@usearly

impossible to adequately quantify the threshold between good and bad response time. The

definition of acceptable response time depends highly on the types ofiame&td is

affected greatly by user expectation.

Rushinek and Rushinek report the importance of providing good response time in

keeping computer users happy [32]. Their findings are based on the resglbmiolled
survey that asks the question, “What makes users happy?” The authorteehalirmpact
of 17 factors such as response time, number of systems and usermstallation, how
well the system meets users’ expectations, the type of thersystainframe, mini-com-
puter, or micro-computer), and cost, on overall user satisfaction. Theytfwatraf all the
factors evaluated, providing good response time was the most impodiantifamaking
users happy.

Guynes studied the relationship between response time and state Fr3{iefhis
study classified 86 test subjects as having either Type A or TypesBradity. Type A
personality is described to be “composed primarily of competitiveegssssive drive,
and an enhanced sense of time urgency,” and Type B personality is defihedelative
absence of the Type A characteristics.

These users were given a text editing task with varying responsaiteens—
short, long, and variable. Increases in the users’ anxiety leveldtadtéask were evalu-

ated using a State-Trait Anxiety Inventory [37]. This study found tha¢ tiset positive
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relationship between state anxiety and system response time regaxidiiee personality
type. Users of both personality types experienced an increase imrstaty with both
long and variable response time patterns.

Shneiderman discusses many aspects of designing a user interfacetérface
organization to performance [35]. In the chapter dedicated to perforn&imoeiderman
states that “acceptable” response time is highly dependent on thef tigsk influenced
by 1) users’ past experiences, 2) the type of task and each usedsdeléevel, and 3)
how well a user adapts to long and variable delays. He also dis¢hssenpact of vari-
ability on response time. Although modest variability (within 50 percetiteinean) is
often tolerated by users, a large variability of at least tihieenticipated response time is
shown to cause user frustration.

Shneiderman also presents 2 seconds as an appropriate response tasksfor
such as hearing a dial tone on a telephone or seeing a picture levisiote set, while
users expect response time of 0.1 seconds or less for tasks sypm@435]. Table 1

summarizes the response time guideline proposed by Shneiderman.

Table 1: Response time guidelines proposed by Shneider man [35]

Type of the task Response Time Guideline
Typing, cursor motion, and mouse selection 50 torb8liseconds
Simple frequent tasks Less than 1 second
Common tasks 2 to 4 seconds
Complex tasks 8 to 12 seconds

In a study that evaluated the impact of mouse movement responsmtimienan
performance, MacKenzie and Ware show a more precise relationship betwegndaténc
human performance [18]. They examine how a delay between input action and output

response affects the task of moving a mouse pointer to the target area. Althoughtthe targe
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of their study is to extend Fitts’ Law [35] to account for the delay in respothssr mea-
surement results provide us with insight about the limits of humanpgtienceThey mea-

sure the time required to complete mouse pointing tasks under sieuiifi@gifficulty
conditions (determined by the target size and movement required) and four ddtdegnt
conditions. They find that at delays of 8.3 ms. and 25 ms., test subjects completskl the ta
with nearly identical speed and accuracy. Under test case§bwiths. delay, the results
show a measurable drop in the speed and the accuracy. At a d22&yroé. the speed and
accuracy suffered drastically. Their findings show that human peafarenis dependent

on latency and suggest that the human perceptual limitation for mausam@nt lies
somewhere between 25 ms. and 75 ms.

There has been other research in the HCI community evaluating thet iofpa
latency on user performance [6][27][41]. The fact that short responséstamamportant
determinant of user satisfaction and performance is well documented [BYJ[3Y]. It is
also suggested that user satisfaction and performance are dependemectatiens
formed by past experiences and how well an individual user adapts toesjponse time
[35]. What is lacking is research that adequately quantifies latiamegholds between
good and bad performance for each of the many types of operations we perétamma

GUI environment.

2. Fitts’ Law describes the relationship between time required for pointing and
the difficulty of the pointing task, which is defined by the target size and the
distance to the target.
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2.2 Common measurement techniques

We constantly struggle to create synthetic benchmarks that yieldsredeitant to
systems under normal use. Such benchmarks are used to predict the perfofraayse o
tem under actual use, rate system performance, and to motivate Aradeeparformance
tuning efforts. Creating such a benchmark is extremely difficult, anstructing a perfect
benchmark is impossible. Some of the biggest challenges in creating baachmark are
selecting an appropriate workload [14] and defining a performance riettiaccurately

guantifies how well the system is achieving the desired system performance.

2.2.1 Microbenchmarks

Microbenchmarks measure the cost of simple operations that @&eeeto be
important determining factors of end-to-end performance. By improving tfempance
of such operations, one hopes to improve the end-to-end performance of the Blste
ever, these operations are not useful in and of themselves and have an indire¢chamther
a direct, relationship to the actual tasks introduced into the sy$tesir results are also
sensitive to the behavior of the various caches in the system, oftdimgianrealistic
results. For these reasons, microbenchmarks often fail to be a goadqrretiend-to-end
system performance [3].

One of the strengths of microbenchmarks is that their resultsaayeto under-
stand and analyze. For this reason, microbenchmarks are best used tangraleler-
stand specific aspects of the system or to support and explairsthieafea larger-scale
benchmark. McVoy and Staelin developed a portable microbenchmark suitendtmbe

that measures the speed of various operating system and hardware operations [21]. Brown
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and Seltzer modified Lmbench to create hBench-OS, and applied this lzekduite to
evaluate how operating system performance scaled with evolutionsliniehg86 archi-
tecture [4]. Chen et al. used microbenchmarks to provide insights into hoklycphiree
different operating systems—NetBSD, Windows NT, and Windows for Workgroups—
handled several operating system operations [7]. They also used microbescrenalts

to justify and explain the results of large-scale benchmarks with varying success.

In summary, microbenchmarks measure, in isolation, the performanceatif s
operations that are determinants of end-to-end performance. Microbekshanaran
effective tool for understanding the performance of a specific operaiut they are poor
predictors of end-to-end performance because there is no cleariomiwatvhat extent

each of the measured operations affects end-to-end performance.

2.2.2 Macrobenchmarks

Unlike microbenchmarks, macrobenchmarks measure how quickly a system com
pletes a non-trivial computation often using a real application prograenteBulting fig-
ure is the throughput of the system executing the target program(shrBakcsuites
such as SPEC CPU95 [29], Sysmark98 [5], and Winstone99 [45] use the edgastior-
mance of non-trivial programs to calculate a small set of nuntihatrsepresents the per-
formance of the system.

The SPEC CPU95 suite includes two sets of applications: one thauraes the
system’s integer performance and the other that measures floating-pantaerde. The
integer benchmark suite called SPEC CINT95 consists of eight appie#hat represent

typical integer-intensive tasks such as games, compilations, and dabgleastions per-
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formed by computer systems. Similarly, the floating point benchmar, sisied SPEC
CFP95, consists of ten applications that represent typical floatingtpsk# such as sim-
ulations and various types of scientific computation. Each suite yoeldshumber that
represents the system’s performance from each run.

Both Sysmark98 and Winstone99 are specifically designed to rate thevserter
of Microsoft Windows and/or Windows NT systems. One of their most retdda@racter-
istics is their use of commonly used commercial applications, asidflicrosoft Word,
Excel, Powerpoint [22], and Netscape Navigator [25].

One of the drawbacks of using conventional measurement tools for evgluat
user-perceived performance is that measurement results are often gatherechnaadicr
tic conditions. For example, most of the current benchmark programsiitlelthforma-
tion about an individual run. In many cases, the result of a benchmaskngl@number,
such as the number of SpecMarks[29]. The lack of supporting information malkf&s
cult to explain and understand the results when they are highly variablesse tests are
often run in single-user mode with standard system daemons disabledpfiduzadions,
which are essential for producing reproducible, statistically sggmfi results, make
throughput benchmarks unsuitable for discovering and studying the unexpected system
behaviors that interactive users often experience.

Most of the existing measurement (and performance-tuning) techniglyesnr
controlled, throughput-based benchmarks. These benchmarks are useful foyiggantif
the performance of systems where throughput is important, such as scientificat@mnput

or compilation environments. Unfortunately, these throughput measures argefdtin
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guantifying or helping to improve the most important performance metiictéractive

systems—user-perceived performance.

2.3 User-perceived performance and latency measur ement

Throughput-based benchmarks are effective aids in improving throughput. Unfor-
tunately, these throughput measures are not useful in quantifying or improeingeus
ceived performance. As discussed in Section 2.1, several works in Huomput@r
Interaction have identified response time, the latency with which thersystedles user-
initiated requests, as one of the most critical factors thatrdete user satisfaction along
with the users’ expectation of system performance [13][32][35]. \&euds attempts to
measure and evaluate system performance based on response time below.

There have been efforts to measure response time on modern, véesgstems.
Application Response Measurement (ARM) measures response teuntydiry providing
API functions that client programs call before and after an operation [15gr@lyrmost
of the applications that take advantage of ARM’s API are larghpuse, business appli-
cations, but more commaodity applications are expected to take advantageé\&f in the
near future. In contrast to the ARM methodology, Endo et al. inferredmes time from
CPU activity and message exchanges between MS-Windows clients and the server [11]

Cota-Robles and Held agree with Endo et al. that throughput alone daa$enot
gquately represent the ability of computer systems to promptly handiegctive user
requests and other real-time services such as video and audio ple§pddke[ authors
concentrate on characterizing the Windows NT and Windows 98 operatiegisysbil-

ity to handle these real-time workloads by measuring how quickly andlyettee sys-
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tems deliver hardware interrupts to corresponding handlers in a leydezin. Both
Windows NT and Windows 98 share a driver model known as the Windows Driver Model
[24]. In this model, the bulk of computation traditionally handled by anruggehandler
is done by kernel threads or via Deferred Procedure Calls. Eitbirochrequires the
operating system to make scheduling decisions and introduces a possibility for the operat-
ing system to make poor decisions that result in long interrupt deliggycies. They
find that the difference in real-time performance is not adetuedpresented by through-
put benchmark results. Although Windows NT provided at least an order oftoggni
better real-time response than Windows 98, throughput-based benchmaskodtaneed
by the Winstone benchmark [45] showed that both systems had throughput stares w
10 to 20 percent of each other.

Schmidt et al. use response time to evaluate the performance of MeHai-cli-
ent architecture [33]. They first measure various components pbres time, such as
network delay and the latency with which the SLIM clients process diffenees of pro-
tocol packets. They then construct, based on actual measurement, ahabdettribes
how a user would introduce a load to the system. This workload model is used to simulate
the stress of supporting multiple users on a server. While they are successfasuring
latencies under various load conditions, they do not present any informatiespomse-
time variability, often presenting one latency figure for eachdase. Additionally, they
fail to take into account user subjectivity to its full extentatirg all latencies equally
regardless of the type of event for which the latency was observed. Ooactps differ-
ent in that we do not try to quantify user-perceived performance—eib isubjective. We

are, however, extremely sensitive to users’ subjective judgements areipartly deter-
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mined by response time and response-time variability. Our goal is natetsystem per-
formance but to identify and eliminate latencies that users (diviejgd find
unacceptable.

Compared to old screen-based and command-line based interfaces, dafohing
measuring response time in systems that use a GUI is diffinii. recently, there has

been little effort made to measure response time under GUI environment.

2.4 Continuous monitoring and postmortem analysis

This thesis introduces The Interactive Performance Monitoring Enveonm
(TIPME) which makes use of continuous monitoring of system statepa@stthortem
analysis. This section describes several previous applications of these techniques

Gprof is an execution profiler that provides hierarchical profiliigrimation [12].
During execution, gprof-instrumented programs construct a function cph grad count
how many times each edge is traversed. Gprof estimates how medls 8pent inside the
various functions by sampling the program counter value during operating ssletskmn
interrupts. When program execution is complete, this information is cothturelculate
how much time is spent inside each of the functions or within a subtree of the call graph.

McKusick used gprof to tune the performance of the BSD 4.2 operating system
[19]. Since operating systems do not terminate, he used an externahpkagran to
control various aspects of the measurement process such as turaimg) @i the sample
collection and retrieval of collected data.

Gprof and TIPME are similar in that they both continuously measurersgst

under normal use, but similarities end here. Besides the detsdibohation collected, the
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most important difference between TIPME and gprof is how the measured timalirge

selected. Gprof results reflect all the activity that occurgduhe target program’s life-
time or the time during which profiling was enabled (if the targeg@m happens to be
an operating system kernel). In other words, the results represaevetfage of the mea-
sured interval. TIPME, on the other hand, is designed to allow selection andievabfia

a specific subinterval enclosed within the collection interval. ®Ratles and Held also
used a technique similar to ours to identify where much of the tasespent in the time
interval during which the system had difficulty delivering hardwarernpés to an appro-

priate interrupt handling routine [8].

DCPI is a continuous monitoring technique that attempts to measupetioe-
mance of the CPU executing under normal conditions by continuously profilingetyva
of hardware statistics [1]. Though similar to TIPME in the sd¢haé both systems use
continuous monitoring, these systems are worlds apart in the abstractionsistittvey
concern themselves. DCPI captures information about hardware euehtas cache
misses and branch mispredicts, while TIPME captures information hlgiutevel GUI
events and transitions in operating system state. The differeabstractions results from
the difference in focus of the two systems: the main focus d¥IEI to identify and
remedy operating system impediments to user-perceived performance, D@RI's

focus is to understand how well the hardware is performing in systems under normal use.

2.5 Conclusions

HCI research, as well as our experience, suggests responsentire@peectation

are the critical factors in determining user-perceived perfocealhe HCI community
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has made efforts to determine and understand the effect of chargyesems’ response
time characteristics on users’ ability to perform work. Unfortupatiee work to quantita-
tively associate tolerable response time and type of operatiornogste lacking, making
automatic identification of “unacceptable” response time infeasible.

Current measurement techniques are centered around throughput. These tech-
niques are effective in improving system throughput, but throughput is not foe ma
deciding factor of interactive system performance. Despite thieservations, we cur-

rently benchmark and optimize interactive systems using system throughput.
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Chapter 3  Problemswith conventional measure-
ment techniques

Most of the current performance tuning techniques rely on controlled, throughput-
based benchmarks. These techniques are effective for improving perterofgorograms
for which throughput is important, such as programs for scientific comgut&nfortu-
nately, throughput measures are often unsuitable in rating interagsteam performance
where better throughput does not necessarily equate to good user-pepeefeatance
[11][35].

The majority of current GUI benchmarks [5][45] determine systenopaence
by measuring how quickly the system handles a sequence of user requests, such as typing,
screen update, and displaying of menus. Instead of collecting the latehaids/idual
user requests, these benchmarks estimate the system performance by how quickly the sys
tem processes a series of requests. This technique is problanatio reasons. First, it
treats all latencies equally, ignoring the fact that some lateneiésiperceptible to users.
Second, it ignores some long latency events that can harm user-pemaitgedhance
more than their numeric values suggest.

Today’'s GUI benchmarks also mask infrequent performance problems, because
these rare problems tend not to have a large impact on throughput. dtiics wot be
problematic if throughput, as defined and measured by the current GUI bekshoa-
related well with user-perceived performance. Unfortunately, it doesThe assumption

that throughput is the one and only relevant performance metric does nophetll in
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interactive systems, where every single event-handling latency affeatperceived per-
formance.

Throughput-based benchmarks often produce one number that represents system
performance. This simple output usually cannot explain the cause wheamnheéench-
mark program produces a different result due to interference from otiveeasured and
unexpected activities in the system. Asynchronous events such as intgengtated by
network packet arrival and periodic executions of daemons can unexpedtediytrae
result of the benchmark. In order to keep these unmeasured systétresi¢tom influ-
encing the measured result, we often minimize non-deterministensyasttivities by test-
ing the system in unrealistic conditions—for example, turning off daemoneamying
the machine from the network. These precautions we are forcakietonake throughput
benchmarks unsuitable in discovering, studying, and correcting unexpected system beha
ior that often frustrates interactive users.

In this chapter, we explain and demonstrate the way conventional bencliaiarks
to be accurate predictors of performance and fail to be effaotiVe for guiding interac-
tive performance tuning. We discuss the problems of the current techimdsiection 3.1.
Section 3.2 introduces the lost-time technique, which measures Civity dwt calculat-
ing the time taken away from the operating system idle loop. We sséetthinique to
demonstrate cases in which the current techniques yield misleadints.ré&ection 3.3
discusses the importance of user expectation as a determiningofacter-perceived per-
formance. Current measurement techniques’ inability to measure gndshehderstand
intermittent problems is discussed in Section 3.4. Section 3.5 presectasions of this

chapter.
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3.1 Problemsof applying throughput measuresto interactive systems

Most of the existing macrobenchmarks designed for interactive sysisens
throughput as the performance metric, measuring the time that teensygdkes to com-
plete a sequence of user requests. A key feature of throughput asrenpede metric is
that it can be measured easily, given an accurate timer andpatetion that will do a
fixed amount of work. Throughput metrics quantify system performance petitiee,
synchronous sequences of requests. However, the results of such benchmatksodo
relate directly with user-perceived performance—the most impgoenhdrmance metric
when evaluating interactive system performance. The performanctiaEdtive applica-
tions depends on the speed at which the system can respond to an asynchr@mous stre
independent and diverse events that result from interactive user inpetwork packet
arrival; we call this response time event handling latencyrhroughput metrics are ill-
equipped to characterize systems in such ways. More specifically, throughput bdsschma
fail to provide enough information for evaluating interactive system pedioce and

make inappropriate assumptions for measuring interactive systems.

3.1.1 Information lost

The results of throughput benchmarks are often reduced to a single nhatber t
indicates how long a system took to complete a sequence of events. Althisugn pro-
vide information about the sum of the latencies for a sequence mtkgeitedoes not pro-
vide information about the latencies themselves and their varianagh i8ran important

factor in determining perceived performance [13][32].
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The insufficient detail given by throughput benchmarks can also misleiggheless
trying to identify the bottlenecks of a system. Since throughput benchmarkdepomly
an end-to-end measure of activity, system activity generated byatenely events, even
those with imperceptible latency, cannot be distinguished from those generabeddy |
latency events, which have a much greater impact on user-perceivecinaerde. Worse,
if such a benchmark includes sufficiently many short-latency evente #iert events
can contribute significantly to elapsed time, leading designers to optinizeopthe sys-
tem that have little or no impact on user-perceived performanaa &ffort to compare
favorably against other systems in throughput benchmarks, designers may even undertake
such optimizations knowingly. In this way, bad benchmarking methodology can hurt both
system designers and end users.

In addition, user interfaces tend to use features, such as blinkings;asimation
and interactive spelling checkers, that have negligible impact onyetdeteractive per-
formance, yet may be responsible for a significant amount of the computation inthe ove
all activity of an application. Throughput measures provide no way to dignpetween
this activity, which has (or is intended to have) a negligible impadhteractive perfor-
mance, and events that are less frequent but more significantme tdrinteractive

response time.

3.1.2 Changesin application behavior

Many popular applications change their behavior in response to the raterof us
input and system speed. When an application receives user input thatesvire opera-

tion currently being processed, the application may interrupt the processimgg unnec-
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essary work. For example, in response to a sequence of keystrokes, a coessqr
program may decide to display multiple characters in one screen upstated of updat-
ing the screen after every keystroke. This batching behavior is desii@biiecan save
unnecessary computation and can allow slow systems keep up with usetmfputL-
nately this behavior makes it difficult to benchmark interactive systems aglgurat

Throughput benchmarks rely on the assumption that a given task or sequence of
tasks performs a fixed amount of computation. The batching behavior breakstinigpas
tion. Moreover, throughput benchmarks often drive the system by feeding useasnput
quickly as the system can accept it. This technique completely igtimesct that a
human user cannot produce input events more quickly than some upper bound. Such an
input stream is unrealistic and susceptible to generating misleading results.

Overall, throughput measures provide an indirect rather than a dirastiraeof
latency, and as such they can give a distorted view of interactif@mpance. An ideal
benchmarking methodology will drive the system in the same way tHatses do and
give designers a correct indication as to which parts of the systemesponsible for
delays or user-perceptible latencies. Obtaining such figures requiregetdave the sys-
tem using an input stream that closely resembles one that arctinerser generates and

more importantly, an ability to measure latencies of events individually.

3.2 Midleading results

In this section, we present several measurement results thansteate how
throughput sensitive benchmarks can yield misleading results. WeXplktin the lost-

time technique, which we use to measure how much work is performed Gi? thduring

37



an interactive operation. We demonstrate this technique by presenting theet easiur
ity in a system when the system is sitting idle, handling neitherinifated events nor
network-related events. Finally, we present example cases in thinatighput sensitive
benchmarks yield misleading results. More specifically, we describe insiangbigh:

» the system inserts artificial delays for animations making erefitl measure-

ment a less direct indicator of system performance, and

* an application changes its behavior depending on the input rate.

We conducted this study on Microsoft Windows NT version 4.0 running on a per-
sonal computer based on a 100MHz Pentium CPU. Details of the hamwehtke soft-
ware used are shown in Table 2. We take advantage of the Pentium pec®coanters,
which provide a CPU cycle counter for precise time measurenterg walith the ability to

count hardware events such as data accesses, cache misses, and interrupts [16].

Table 2: Test setup

CPU Pentium 100
Motherboard Asus T2P5
L2 Cache 512KB pipeline burst cache
RAM 96MB, 60ns.
Harddisk Fujitsu M1606S, 540@m, 10msavg. seek time
SCSI Host Adapter NCR825
Display Adapter Diamond Stealth 64 DRAM
Operating System Windows NT
Version 4.00.1381
Applications Microsoft PowerPoint for Windows 95
Version 7.0
Microsoft Notepad
Version 4.0 Build 1381
Simple application
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3.2.1 Thelost-timetechnique

For the results we present in this section, we base our comparigmwomuch
work the CPU had to perform for a given task. We infer the amount & pesformed
from the total time during which the CPU was occupied.

We determine the amount of work performed by calculating how much tame w
spent outside of the operating system idle loop. We would ordinarily detetimns by
instrumenting the operating system idle loop, but this is impossible threictly under

Windows NT, for which we do not have access to the source code.

Instead, we replace the system’s idle loop with our own low-prioriogess.
Unlike ordinary idle loop implementations, which either loop infinitelyhalt the CPU
waiting for an interrupt arrival, this low-priority process repeatedly perforfixed com-
putation (N iterations of a tight loop) and then records a timestarhpn&ver there is a
job to perform in the system, the CPU is taken away from the loop, increasirgpbede
time to complete the computation. So any non-idle time will manitesif as an elon-
gated time interval between two time stamps. The pseudo code of the lowiociess

is as follows:

while (space_left_in_the_buffer) {
for (i =0; i <N i++)

generate_trace_record,;

}

We select the value of N such that the inner loop takes one ms pieterwhen
the processor is idle. In this way, we generate a trace rpeordillisecond of idle timdf

the processor is taken away from the idle loop, the loop takes longeorikams of

3. Since the Windows NT kernel is preemptible, we m the measurement loop inside the kernel as a
long-running system call.
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Idle CPU usage profile of Windows NT 4.0
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Figure 2: Idle System Measurement. This graph provides a graphical representatioruofaie-loop measurement.
each recorded sample, we subtract the one mseofiidé that our busy-wait loop requires to obtaie amount of nol
idle activity. During an idle period, this differem will be zero, and we report a CPU utilizatiorzefo. During a lor
period of computation, substantial computation wdtur before the completion of one ms of idle timed the CP
utilization during that interval will rise.

elapsed time to complete. In this example, a 10 ms interval betweesamples means
that the system was busy for (10 - 1) = 9 ms during the interval.

The value of N can be chosen based on the precision desired and abaittgsle
space. The larger we make N, the coarser the accuracy of owrremasts; the smaller
we make N, the finer the resolution of our measurements but the theggace buffer

required for a given benchmark run.

3.2.2 ldlesystem profiles

In this section, we present measurement results for the backgratinty dleat
occurs when the system is handling neither user-initiated activibe network-related
activities. This provides intuition about the measurement techniqueslagsvbaseline
information. Figure 2 shows the system profile of an idle system. @tersbn-idle time
to elapsed time, we plot elapsed time on the X-axis and the CPUtigiliza the Y-axis.
Given that each sample represents 1 ms of idle time, the av@Pagietilization during a

sample interval can be calculated easily. For example, if thensysgient 10 ms collecting
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a sample, and the sample includes 1 ms of idle time, the CPkhtiiti for that time
interval is (10 — 1)/10 = 90%.

The graph shows that the most of the bursts of CPU activity ocdr ras inter-
vals. These bursts are due to hardware clock interrupts. Correla¢girgpmples with a
count of hardware interrupts from the Pentium performance counters shatvsach
burst of computation is accompanied by a hardware interrupt. Some ef lihests
involve more computation than the others suggesting that the systgmerf@aming extra
tasks, such as process priority recalculation, during the intervalgrépé also contains
noise that shows up as bursts of extremely small (less than 0.001t{iR&ation) CPU
activity. These data points are due to our methodology miscounting thditatien due

to hardware events, such as TLB and/or cache misses, as CPU activity.

3.2.3 Window open

With the idle behavior of the system identified, we present howytstera con-
sumes the CPU time when it is performing a more complicaséd ltais becoming com-
mon for interactive systems to perform extra work, such as anmdor the user’s
“viewing pleasure.” The following experiment shows the effects of such features and how
such features can cause throughput-based benchmarks to yield less useful anetaifficult
understand results. We measured the system activity generated akiemizimg a previ-
ously minimized window; the system displays a window that increasezd gradually as
it is maximized. In order for the animation to be visible to they,uke system must pace

itself, inserting delays. These delays cause the system to beatlenresulting in multiple
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Window Maximize Operation under Windows NT 4.0
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Figure 3: CPU Usage Profilefor a Window Maximize Operation. This graph shows the measurement of compult
generated when a window is transformed from an ioothe NT 4.0 icon bar to an open window. The slspike:
between 180 ms and 400 ms correspond to the aoimihtt is used as the window outline moves froenntienu bar 1
its destination. The upward slope occurs as thinetncreases in size. The period of continuousmatation from 40
ms to 600 ms corresponds to the final redraw coatjout for the window.

idle-loop measurement samples that correspond to the single use(i®&entaximize
window).

Figure 3 shows the result of our measurement. At 100 ms we introducelated
mouse click into the system using Microsoft Visual Test [23]. Tied clearly shows the
80 ms of 100% CPU utilization required to process the input event (frorto D ms)
and another period of 100% CPU utilization starting around 400 ms to reydisplpage.
The most interesting portion of the graph is the stair pattern betd&) and 400 ms. This
pattern corresponds to the CPU activity required to perform the amimat/e can
observe that the bursts of CPU activity for performing animatioraligaed on 10 ms
boundaries, suggesting that they are scheduled by clock interrupts. Each step of animation
takes progressively longer to complete as the window outline increases in size.

This pacing behavior makes a throughput measurement difficult to inteqpret
rectly. In non-interactive systems, which do not insert artifabgddhys, throughput bench-
marks do not suffer from such problems. Artificial delays can mhkeré¢lationship

between system performance and benchmark results less direcbdyamyg latency that
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is unaffected by system speed. To make matters worse, it isdiffienlt to detect the
existence of such artificial delays from throughput benchmark results alone.

In the example above, the duration of the time spent for the animaitiomotv
change regardless of the actual system performance. A systeis tiiiwe as fast as the
measured system will reduce the duration of the initial CPWigctnd those due to re-
displaying of the page by half, but will have little effect on the domatif the animation.
The elapsed time for this event is roughly 500 ms, and 220 ms or 44% isf tisisd for
animation. A simple calculation reveals that the same eventiadiltake (500 - 220) /
2 + 220 =360 ms, instead of 250 ms, in a system twice as fast as#seined system.
Similarly, an infinitely fast system still spends 220 ms handling tdsk therefore show-
ing a performance increase of only 127%. Output of throughput benchmarks become
increasingly difficult to understand when features such as animatiergesent in the

system.

3.2.4 Power Point pagedown

Some complex, interactive applications can change their behavior depending on
the rate at which input events are presented. This further coreplites task of measur-
ing system throughput in a meaningful manner. We measured the cost, iad inypihe
total CPU time consumed, of handling 10 pagedown requests under two diiifignent
rates. We selected Notepad and PowerPoint as the target applicationsdNogepanple
editor program bundled with the Windows NT distribution; PowerPoint is commie-
sentation creation software included in the Microsoft Office Sintéhis experiment, we

found that PowerPoint consumed about 1/5th of the CPU time when requestalile
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ered at the fastest possible rate compared to the case inthvigguests were introduced
into the system at a slower rate. Notepad, which is a much sieqgdéication, did not
exhibit such behavior. We conducted this measurement using the systeibedestr
Table 2. To reduce the amount of background CPU activity, we removed thanenfiom
the network during the test. We did not observe any disk activity during the test.

Using Microsoft Test, we simulated PageDown keystrokes. The first test simu-
lates the keystrokes at the fastest possible rate, whiledbedstest plays back keystrokes
with a reduced rate using approximately a 0.5 second inter-arrival time.

To isolate the overhead of simulating keystrokes, we measure the arh@Rit)
activity generated while delivering keystrokes to a simple programmawe written. This
program responds to basic window operations such as close and minimiggdoes
events such as keystrokes. We report the sum of CPU busy times aérserond inter-
val that contains all the keystroke events in both playback rateswalyisall the test
results will include the same amount of timing-based background estj\stich as clock
interrupts. While the main purpose of this measurement is to isolate the dostilatiag
keystrokes, the measured data also include the cost of handling backgrawitydsamth
as clock interrupts and the CPU activity generated as a residindbws NT accepting
simulated keystrokes delivering them to the application. Table 3 shownehe total
CPU busy time during the 6 second intervals under the two differévdlgratterns—the

data labeled “fast” was collected by playing back the keystrokepatyr as possible, the

44



data labeled “paced” was collected using 0.5 second inter-arrival tifeesonducted the

test five times. Standard deviations were below 5% of the mean for both cases.

Table 3: Overhead measurement

Fast Paced

Total CPU busy time 21.91ms 37.47ms

Table 4 shows the total CPU busy time of applications measured hedert dif-
ferent arrival rates corrected for the overhead shown in Table JaSim the results
shown above, the reported numbers are the mean of 5 runs. Standard deviateons w
below 4% of the mean in all cases. Because of the correction, thesesfinclude neither
the cost of background activity nor the cost of simulating keystrokes anerdedi them
to the application. These figures represent the sum of work thapftieation performed
in response to the input events and the amount of work that the systenmpeértiue to

requests generated by the applications in response to the input.

Table 4: Cost of handling ten pagedown requests

Fast Paced
Notepad 242.18s 245.14ms
Powerpoint 99.09ns 497.73ms

The table shows that Powerpoint performs much less work when keysarekes
played back at a faster rate while Notepad exhibits no such behavi®isTdonsistent
with our visual observation that Powerpoint skipped displaying some, if Inaif dhe
intermediate pages in the presentation and that Notepad displaybé altdrmediate
pages in the document.

Powerpoint optimizes away operations overridden by following operations. This
behavior is desirable because it allows the application to responertmpist quickly and

saves unnecessary computation. However, this behavior is problematichetagptica-
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tion is used as a part of the benchmark because the application daksaystperform a
fixed amount of computation—the amount of computation such an application performs
can change depending on the rate of the simulated input and the machin&ispeeder,
the unrealistically high rate of simulated user input used by the bericltanzsses some
applications to apply too much optimization, causing the benchmark to méasangor
that a system under normal use would never exhibit.

Many of the existing GUI benchmarks measure the throughput of GUI-bgsed s
tems by measuring how quickly a system processes a sequence etitdséis typing and
screen updates. These tasks are introduced into the system using simulated inpas as fas
the system can accept it. As a result, the application willveehs if it is responding to
user input generated by a super-human, applying far more aggressive ojpimizahe
input stream than possible if the input were created by an actual user.

In the test above, we have demonstrated that a sophisticated applicati
change its behavior depending on the input arrival rate. Currently, populasdualegies
that ignore human physical limitations can yield unrealistic and adglg results. As
more and more applications attempt to take advantage of the igldréquently present
In interactive systems to perform non-critical work such as irtieeaspell checking, this
problem is likely to worsen.

The lost-time technique that we used in this section is effeativeécquiring
detailed CPU usage profile and in some cases, inferring the ldtehapdle user-initiated
events. The effectiveness of this technique as a tool to determine event haneticg ikt
limited, however. The first limiting factor is that this technigseainable to distinguish

CPU activity due to handling user-initiated events from background aciivitior activ-
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ity generated by unrelated applications. This places severe iesfrioh the experimental
setup. In order to minimize background activity, we are forced to rapesapplication
in the system. The second limiting factor is that sophisticated pnsgodten generate
CPU activity unrelated to the handling of user-initiated eventsufesathat are designed
to take advantage of idle time, such as interactive spell checking and dodommetting
operations, generate extra CPU activity that is indistinguishable tihatdue to the
latency-critical portion of the event processing. This technique cannaegdueto deter-

mine event handling latency when a target application exhibits such behavior.

3.3 Importance of expectation

Current measurement techniques fail to account for user expectatmerti€on
human-computer interaction have long noted that expectation has acaiginéffect on
user-perceived performance [35]. Given two operations with the samense time, the
user’s definition of “acceptable” depends heavily on the user’s expectaters bre sur-
prisingly forgiving when they are waiting for operations they expect toddkag time
but are unforgiving when an operation that they expect to complete quickiynatoér
example, a user could happily wait for 5 seconds for a program taiptastit the same
user would be irritated waiting just one second for a charactes/tteatyped to echo. This
suggests that while latency is more closely related with pexeeived performance than
throughput, it alone cannot be used as the indicator of user-perceived pedernn
order to measure user-perceived performance effectively, one nugporate user

expectation into the resulting metric or modify the measurement technique accordingly.
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Unlike latency or human physical limitations, expectation is diffj¢litot impos-
sible, to quantify. This makes it difficult to create a perforneametric that takes user
expectation into account. However, understanding how these expectationssdfeper-
ceived performance can provide hints on how we might modify measuresubniques
to better understand and improve interactive system performance.

One useful observation is that users tend to form expectations kactimigrwith
computers. If a certain operation takes a long time on the usenjsuter, s/he will learn
to expect long delays from those operations. Similarly, if a useseid to a certain opera-
tion completing with no perceptible latency, the user will learaxjoect this particular
operation to complete quickly. Once users are accustomed to a shorter responkeytime, t
become hesitant to accept longer delays [35]. Users are fedstkdien system fails to

meet their expectations.

3.4 Reproducing intermittent problems

Infrequent performance problems have been traditionally ignored because they
have little effect on overall system throughput and, more importantlfhrmughput
benchmarks. However, we cannot afford to ignore such problems in intersysteens
where each and every latency that the user experiences can haseimpgaet on user-
perceived performance. A user’s frustration or perception of perfmena based neither
on throughput nor on statististical significance. Even if a performpra@em occurs
only once in an hour, it can be sufficiently annoying to the user to reduce considerably the

system’s user-perceived performance.
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Recent systems with client-server architectures, such as WWehndows system
and some versions of Window NT, are more likely to exhibit intermitenteproducible
problems than older systems because they often require complex ioterachong sev-

eral agents. It is not at all uncommon for these systems to eexprvices from three or

more agents to process a user requésbreover, most of the recent systems have more

than one process present in the system. Tasks such as pageout processing and various log-
ging and network-related services are handled by numerous daemons runningoasynchr
nously to the tasks on which the user is waiting. When and if these agensst in an
unexpected manner, competing over a limited system resource, the sygsterwhole

exhibits performance problems, which are usually difficult to reproduak trerefore,

nearly impossible to correct.

Conventional benchmarking/measurement techniques are ill-equipped to diagnose
these problems. They measure too little—the result of a benchmark often a single
number that represents throughput. The lack of detail makes it extreliffedult to
understand and explain unexpected measurement results or anomalies. dVsuatioi
anomalies by testing the system with unrealistic configurations, digabling daemons
and disconnecting the machine from the network. These precautions nhede likely

that we discover and understand infrequent performance problems.

4. For example, in order for thes command to complete inside mher mwindow,xt er m the
X server, command shell, and the program must all execute.

49



3.5 Conclusions

Benchmark programs serve two major purposes. The first is to ptieeiperfor-
mance of the system under actual use. The second is to highlight pederprablems
present in the measured system. Current benchmarking techniques do hiot meeting
either goal when applied to interactive systems.

Current benchmarks fail to be optimal predictors of user-perceivédrmpance
because they rely on throughput rather than latency. These benchmarksledsimcor-
rect assumptions about how quickly a user can generate requestssth&rgystem. Such
unrealistic input streams can lead to the system behaving in an unrealistic marinas s
applying an optimization to the request stream to the level that da@ramhieved with a
real user at the console, making the measurement result pessemtative of actual per-
formance observed by the users. Another problem of current benchmarks tisetha
ignore the subjectivity in users’ judgement.

Current measurement techniques also fail to help us diagnose iteatrpgrfor-
mance problems. Each run of the benchmark yields too little informatisuafticiently
explain what happened in the system. The importance of stable and bépeasalts
often forces benchmarking to be done under unrealistic conditions, makwenitmore
unlikely for these benchmarks to identify and correct intermittent problems.

An ideal interactive system benchmarking techniqgue must reflectutbjective
judgement of the users. An effective measurement technique ptilireaenough informa-

tion to allow us to understand, diagnose, and correct even infrequent problems.
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Chapter 4 Thelnteractive Performance Monitoring
Environment

Conventional measurement techniques fail to produce data that help syste
designers improve user-perceived performance directly. User-petcge@réormance is
roughly based on response time and on users’ subjective expectations, not on the through-
put upon which conventional measurement techniques place great emphasustion,a
the importance that conventional measurement techniques place on replibdinzbi
made them inappropriate and incapable of measuring and understandingtieré prot-
lems.

The goal of TIPME is to enable the identification and correction dgbpeance
problems that negatively affect user-perceived performance. To fisd greblems, we
include users in the performance-tuning process by having them inform TWPklEthey
experience unacceptable response times. These problems may arise infteanekttieir
impact on the overall throughput of the system may not be significant, lyutlahaffect
user-perceived performance significantly. Conventional measuremémigees, which
deliberately remove outliers from consideration, will tend to overlbaséd situations
entirely.

Since the events in which we are interested occur unexpectedly, wentseious
monitoring to gather data about the system state, saving the datk tonti when the
user indicates a problem, and we use postmortem analysis to diagaeassause of the
problem. TIPME records process state (if and why processesoaked), context switch

information, how and when events pass through the X-Window server, and the afvner

51



X Server Ring Buffer j
4

Ctrl-At-Mnus 1 3 5
w User-Level
Helpers

/ 5
Kernel Ring Buffers 5/'

Figure4: Sructure of TIPME. Both the kernel and X server contain non-paged binffer(s). Upon experiencing
problem, the user presses a hot-key combinatioighiit intercepted by the X server (1). The X sewstes out the
contents of its ring buffer to a file (2) and infies the kernel via aysct | call that the system is experiencing
problem (3). The kernel sends @itGUSR1 to all the processes in the system, one of wischuser-level helper thi
waits forever orSI GUSRL (4). In response, the user-level helpers reaadinéents of the in-kernel ring buffers (

and write the information to disk (6).

highly contested kernel resources. This information is stored in a cotiedtin-memaory,
non-paged ring buffers. These ring buffers are sized to hold 30 to 40 secotidefwiata
to give the user enough time to indicate that there was a perfarpastlem. The user
notifies TIPME of a problem by typing the hot-key combinati@n; | - Al t - M nus, at
which point, TIPME writes the statistics held in the ring bufterslisk. Figure 4 shows
the overall structure of TIPME.

We have implemented TIPME on BSD/OS 3.0 and X Free86 R6.3 running on Intel
Pentium or Pentium Pro-based personal computers. We chose this leaothtimrm for
its popularity and the software platform for its popularity in our enviemnand the
availability of the source code. While the current TIPME implent@mtas specific to this
platform, the techniques and framework are applicable to other platfdim CPU cycle
counter, available in both Pentium and Pentium Pro processors, providesaulate
timestamps on all of the records that TIPME generates [16]. These timestamps@to

merge and order the records generated by the system.
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TIPME collects data for two major purposes. The first is to idettidytime inter-
val during which the user encountered a perceived performance problem, aeddhd
is to determine exactly what was happening in the system during thagmratikrval.

The next two sections describe how the data we collect accomplishes both purposes.

4.1 Determiningthe problem interval

Our first challenge is to identify the start and end times of thersyshandling of
the problematic user request. At first blush, it seems that thewsbsgplution is to have
the X client generate a record before and after processing ataujtiated by the user.
While this X client assistance is desirable, it is neitheesgary nor sufficient to identify
the problem interval. The latency the user experiences includes nohenime the client
spends processing the request, but also the time the kernel spendingeliser-gener-
ated events—such as keystrokes and mouse movements—to the X Servertiaredttiee
X Server spends processing and passing the events to the correspondingradienea-
surements taken by the client do not capture the entire processinggatteri to identify
the time interval during which the user was waiting for the systemaspond, we must
determine when a user-initiated event was delivered to the systidra form of a hard-
ware interrupt, how it was transformed into one or more X events,retja¢st(s) the cli-
ent generated in response, and when the X server finished handling titenges
request(s). To determine when an event begins and ends, we colleuiaiidoron key-

board and mouse interrupts, the X server state, and the X message exchanges.

53



X Cl|ent

Kernel

Figure 5. X message exchange. When the user types a key or engages the mousdatidevare generates ¢
interrupt handled by the kernel (1). The kerneldsem message to the X server (2) which dispatdieesvent to the
proper client, via the kernel (3, 4). The cliergritprocesses the request and sends a message baktserver (5,
6), and the X server updates the display (7).

4.1.1 Keyboard and mouseinterrupts

Each time a keyboard interrupt is handled, we record the contentskefytieard
buffer. Similarly, we record the contents of the serial buffevtiich the mouse is con-
nected when a serial-port interrupt is handled. This information allem® determine
when a user-initiated event entered the system and how promptly thevaxgerdtrieved

by the X server.

4.1.2 X server state and message exchange

Once the kernel delivers raw input events, such as key up/down events aed mous
commands, to the X server, the server turns these events into ommeeoX ravents and
delivers them to the appropriate client. The client processes thegents, then generates
and delivers X requests to the X server, if necessary. FinadlyXtserver receives and
processes these X requests and generates the requested visuakfeBdisamessage

exchange is depicted in Figure 5.
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We have instrumented the X server to record the arrival andfidatiin of con-
sole input, such as keystrokes and mouse input. We also record when arniha/Iedt
messages are exchanged between the X server and X clients, Wwasthcord informa-
tion that helps us determine when all the visible feedback asgbeiitte an event are
given to the user. We record events such as a mouse pointer update Eodeksing of
X requests. Some X requests, suchXasmageText 8, are used to display character
strings on the console. By recording when the system finishes displageigain text
string on the screen, we infer when the user is given sufficiamalvisedback to recog-
nize that an event is complete.

This information allows us to determine when the event thatrétest the user
began and ended and defines the time interval on which we should focus gsisanal
Although much of this identification must currently be done manually,able ¢can be

greatly reduced by instrumenting the client as discussed in Chapter 6.

4.2 Determining the source of the problem

Once we have identified the problematic interval, our next taskidetdify the
source of the problem. The performance problems that we aim to undeastheliminate
cause user-perceivable variability in response time, which are andéeof at least tens
of milliseconds. These are most likely due to software rather ihedware. The varia-
tions in the execution time introduced by hardware causes, such asynoatioe misses
and branch mispredicts, are usually on the order of nanoseconds or microgeeonds
occurrence, so it takes many thousands or millions of such occurrences fdayhie dte

perceptible. Given a sufficiently complex operation, which all of the operations with user
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perceivable delays are, it is extremely unlikely for the hardwasuddenly experience
such an increase. The remaining causes for such variability aghajpge in the amount
of computation that the transaction requires, and 2) a change in the ashéomd the
process(es) involved in handling a transaction were not running.

We detect changes in the amount of computation that the transactioredequi
using profiling information. To determine if the latency-critical pssfes) are executed
in a timely manner, we collect the kernel statistics shown lteTa In order for latency-
critical process(es) to execute, they must first be runnablenangtheduler must decide
to execute them. The following information allows us to determine what kind isfatex
the scheduler made, which processes were runnable at what point, aapdoidess is

blocked, on what resource the process was blocked.
Table 5: Information Collected

Description

Process Status Status (running/runnable/blockeplaafesses. Process priority.

Context Switch Information When processes acquiesse the CPU.

Resource Usage How highly contested resources arg tensumed.

Exec Information Allow us to associate process Itk wrogram names.

4.2.1 Process status

Once every two timer interrupts (every 20 ms under BSD/OS), wecttiie sta-
tus of all the processes in the system. In addition to bookkeeping inkmnrsath as the
process ID of the process and its parent, we record which proeessesunning, which
were runnable, and which were blocked and for what reason. We alsb ttezpriority of
each process in the system. This information allows us to determine whetheteéheisys

allowing the processes involved in handling the user request to make progrnesrticu-
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lar, we look for problems such as a critical process blocked ontakainel for a sub-

stantial amount of time and a runnable, critical process not getting CPU time.

4.2.2 Context switch/Sleep/Wakeup infor mation

We record every context switch, sleep, and wakeup. This provides a fanefagy
than the process status information. For example, these recordsialtowneasure how
long it took the system to schedule a critical process once ineeaanable, due to an
external event such as a keystroke. Additionally, by combining these rectidbevpro-
cess status information, we can categorize why processes ametpdefivem running. The
process status information alone does not allow us to differentibdedae a resource
being held too long and a resource being highly contested, but held for shortisnierva
order to determine precisely why a process is not making forward pspgresieed the

ability to examine these process state transitions.

4.2.3 Highly contested locks and queues

The context switch, sleep, and wakeup logs are useful for determining what kernel
resources are highly contested. Once we have identified thesecessowne record the
owner and waiters for each such contested resource, so we can undbestause of the
contention. For example, as we will show in Section 5.3.1, the VM system’dqrated
buf structures are frequently highly-contested, so we record the owiter stfuctures at
every operating system clock tick. Recording such information enabled us to dibatver
the VM pageout daemon was often monopolizing allithé structures in order to page

out dirty pages, making the structures unavailable for page fault processing.
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Another example of what we currently monitor is the disk queues. Tbigsalis
to determine the cause when latency critical disk requestsaserviced promptly. The
list of monitored resources is expected to grow as we discoveraootested resources.
In a production system, we suggest monitoring all resources and queues and designing the
collection mechanism so that statistics collection for a qdati resource can be easily

enabled/disabled.

4.2.4 Execinformation

The kernel records resource ownership by process ID (PID), so welatethat
will enable us to construct the proper association between user commands andtine PID
the system. In order to provide this data, we record the outpstlgfwhen monitoring is
initiated. Henceforth, we record the command line and the environmeablesrof each
exec. Unlike the other information collected by TIPME, we cannot diseat records
in a simple FIFO manner, because process lifetimes can faeexce 30-40 seconds of
buffer space we maintain. Instead, we retain exec information for 10 minutelseppsi-t

cess lifetime (i.e., 10 minutes after the process has exited).

4.3 |Implementation details

There are three major components in TIPME—the kernel components, the X
server components, and the user-level helpers. The kernel componentstiveltgrerat-
Ing system statistics described in Section 4.2; the X server compareotrd X server
statistics and the message exchanges between the kernel and the X servereamdtbetw
X server and X clients (Section 4.1); the user-level helperthéiether TIPME compo-

nents together and provide the interface to control TIPME and extranfdh@ation col-
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lected. In order to keep the measurement system tractable, we dequae any
instrumentation of client programs. The following subsections explaim efathe three

components in detail.

4.3.1 Kernel components

The kernel portion of TIPME consumes 24MB of physical memory. TIPME use
its own memory allocator to manage this memory. Whenever possible, we pettaan al
tion and initialization during system start-up, so that we avoid theéheadrof dynamic
memory management. The only time we are required to dynamically tallspace is
when recording exec information, because the length of the commandgiimeeants and
the size of the environment is highly variable.

We have modified the console driver to t@pr| - Al t-Plus, Crl-Alt-
Mnus,Ctrl-At-0,andCrl-Alt-1 combinations. Pressingtrl - Al t-Pl us
causes TIPME to start the monitoring systé&mnr | - Al t - M nus notifies TIPME that
the user has experienced unacceptable performance and instructaéheokeend every

process in the system a SIGUSRL1 signal, which, in turn, causesethiewed helper to

retrieve and save the contents of the TIPME bafféince some programs will exit when
receiving an unexpected signal, we have addegisct | (5) option to disable signal

delivery to particular processestrl -Alt-0 andCirl-Alt-1 disable and enable

the keyboard logging portion of TIPME, so that users can prevent TIPMEr&oonding

sensitive keystrokes, such as passwords!

5. We send the SIGUSRL1 to all processes in themylsteh to make sure that processes such as thevetse
write their data to disk and to plan for a timehe future when clients may be instrumented tcecbkta-
tistics. In this case, when TIPME exits, we wahsath processes to write their data to disk.
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4.3.2 X Server modifications

The X server portion of TIPME uses 6MB of nonpageable (wired) mefooris
ring buffer. Events such as the arrival of a character from the kejtmaXx event struc-
ture sent to a client, and an X request structure received fobienaare recorded in this
ring buffer.

Ordinarily, the X server has no information about the process D) @ the cli-
ents with which it is interacting. This is understandable sinceXthé¢indows protocol
allows clients running on one host to connect to an X server running on anashein
such an environment, the client’s PID is of little use as amtiftly. However, since most
of the clients connected to the X server are running locally in our environment, the PID of
the client can often serve as a useful identifier. Knowing the PID of #m ellows us to
correlate information collected by the X server portion of TIPMEhwiformation col-
lected by the kernel portion of TIPME.

In order to allow the X server to associate clients with Pi@snade a small mod-
ification to the X library so that the client passes its Rilan unused pad field of a con-
nection setup packet. This modification required that we relink tmelata suite of X
clients, including<t er mandt wm distributed with the XFree86.

When the console is used in graphics mode using the X server, consolé&sinput
passed to the X server in raw format where each keystroke ise@poot as a character,
but in the form of key-downs and key-ups. While the console is operating madbs, we
no longer trap various hot-key combinations in the kernel. Instead, we ndotfiéeXx
server to trap and process the four hot-key combinations described iettmiprsection.

Upon trapping a hot-key combination, the X server portion of TIPME nottiee&érnel
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portion that the hot-key combination has been pressed by caliingt | . The kernel
portion responds to theysct | call as if a corresponding hot-key combination had been
pressed. Unlike the kernel portion of TIPME, which relies on the aset-helpers to
write the buffer contents to disk, the X server portion of TIPMEesrits own buffer con-

tents.

4.3.3 User-level helper

The user-level helper is a simple process that spends mostifatiiise sleeping,
waiting for the SIGUSRL1 signal that gets sent on TIPME shutdown. Wieenser-level
helper is awakened, it uses #hen(2) interface to copy the data from the in-kernel buffer
to user space. The helper then writes this data to disk.

The postmortem analysis is performed by about a dozen perl scripts \intke
the Berkeley DB package [36], which processes the raw data, genénatiag-readable

reports.

44 Theoverhead of TIPME

As mentioned is Section 4.3, TIPME consumes a large amount of memory
(30MB). The kernel portion of TIPME consumes 24 MB of physical memory;hwisi
allocated at system bootup. The X server portion of TIPME consumds & Monpage-
able memory acquired via tm ock(2) interface. A TIPME-instrumented kernel and X
server have larger code sizes, but the code expansion is minimab(@8KEBKB, respec-

tively). In order to isolate the effects of consuming such a largeiainof memory from
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the performance our users observe, we equip our machines with

ory before installing TIPME.

Table 6: Typical cost of generatinga TIPME record

an exBaoBAMm-

Record Type Cost (inug
X server related events 17.1 - 64.6
Process states and buf structure usage recordied) dinmer interrupts including 106.7 - 158.0
Context switch information 05 - 35
Keyboard interrupt 21 - 36
Mouse interrupt 21 - 37

The runtime overhead of TIPME is low and reasonably constant. Table & show
the typical cost of generating each type of TIPME record. A moperitant and useful
overhead statistic is how much of the latency that the user expiendue to TIPME

overhead. To determine this, we label each TIPME record withnieeitt took to create

the record. During the postmortem analysis, we add up the cost of genetatthe

records between the beginning and the ending of the event interval. Tables/ ssime/

typical latencies and TIPME overheads for common events measuredvusaéngter, a

personal computer based on 100Mhz Pentium processor. As can be seen fromtfiable 7,

TIPME run-time overhead can be significant for operations with a sitertdy. However

the overhead is negligible when compared to the human’s perceptuatibmitvhich is

on the order of tens of milliseconds [35]

Table 7: Latency and TIPME overhead of common events

Event I_Event Latency TIPME %-age TIPME

(incl. overhead overhead overhead
Moving a mouse pointer 0.3ms 80us 27%
Typing a character in a Xterm Window s 340us 17%
Displaying the file menu in Netscape 3.0 4708 5100us 1.1%

62




4.5 Sample output

In this section, we show and describe the data collected by TIPME te sys-
tem was handling two consecutive mouse pointer move requests. The outpubsimy
is the human-readable version generated by the user-level data-prosespisghat pro-
cess raw TIPME output. Lines that begin with a ‘#' characteicanement lines. Unin-
dented line shows the time at which these events were recondeec(inds) and the cost
of generating the record (in microseconds). These timestamps aredlbdtam the Pen-
tium/Pentium Pro cycle counter [16], so the time has no relatiortualdiome of the day.

Indented lines describe the event recorded.

#
# <Time i ndex> <Tl PME over head>
# <Record information>
# <Extra record information>
#
2016. 7231 sec cost 3.8 us
Mouse interrupt. 4 bytes <40><01><00><40>
2016. 7232 sec cost 0.5 us
Pi d 693 resuned execution
2016. 7233 sec cost 31.2 us
X select returned 1 channels ready 1 for reading, O for witing
2016. 7234 sec cost 23.0 us
X server retrieved nouse input
40: 01: 00: 40
2016. 7235 sec cost 19.2 us
X mouse poi nter updated
2016. 7236 sec cost 20.7 us
X calling select waiting for input
2016. 7236 sec cost 1.8 us
Pi d 693 going to SLEEP

The output above shows the sequence of events that TIPME observed as one
mouse move request entered and was processed by the system. Thenteougs was

delivered to the kernel interrupt handler at time index 2016.7231. The X seyared

the CPL¥ and returned fronselect(2)at 2016.7232 and 2016.7233, respectively. The X

6. The process ID of the X server is 693. This fiatiemn is kept in a separate file not shown here.
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server then read the mouse movement data from the kernel at 2016.7234 sdvadi fini
updating the mouse pointer at 2016.7235 and callddct(2)and went to sleep at
2016.7236. By subtracting the time index at which the mouse interrupt entered the system
(2016.7231) from the time index at which the mouse pointer was updated (2016.7235), we
can calculate that the latency of handling the mouse pointer update is about 0.4 ms.

The listing above also shows the cost of generating each record osetonds.

By accumulating the individual costs of generating all the records eetiie mouse
interrupt arrival record and mouse pointer update record, excluding therpabakate
record itself (since this record was generated after thensygidated the mouse pointer),
we determine that TIPME is responsible for 58.5 us. or about 15% of tinesdatency
recorded. As previously discussed, the TIPME overhead for short latentdg sueh as
this is significant. However, we find this overhead acceptable sitatency of 0.4 ms. is
well below the limits of human perception [35], and therefore, willai@r the way in
which the user interacts with computer nor will it be an intergdarget for actual analy-
Sis.

During each operating system clock interrupt, TIPME records piecgseofting
system state including which process, if any, is currently running, the statlhshaf pro-
cesses in the system, and the ownership of highly contested resouteesystem. The
following output shows the information recorded during a clock interruptiaietely fol-

lowing the handling of the mouse pointer update.

2016. 7295 sec cost 116.6 us
TICK pid: idle, 44 procs present
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The sample above shows that the clock interrupt occurred at time index
2016.7295. At this time, the system was idle, and there were 44 propessest in the
system. This output also shows that TIPME spent 116.6 us. collecting this information.

The display below shows the status of all the processes preskataypstem. All
the records show a negative cost value to indicate that the aesboding these records
has already been reported. If a particular process is blocked ah @ha@nel, we record

and report the address and the ascii description of the wait channel.

2016. 7295 sec cost -116.6 us

TICK pid: 715 is bl ocked on f29da0e8(ttyin)
2016. 7295 sec cost -116.6 us

TICK pid: 714 is bl ocked on f29da000(ttyin)
2016. 7295 sec cost -116.6 us

TI CK pi d: 710 is bl ocked on f01130d8(sel ect)
2016. 7295 sec cost -116.6 us

TICK pi d: 709 is bl ocked on f01130d8(sel ect)
2016. 7295 sec cost -116.6 us

TI CK pi d: 704 is bl ocked on f01130d8(sel ect)
2016. 7295 sec cost -116.6 us

TIPME also captures the state of highly contested resources ducimgmerating
system clock interrupt. This version of TIPME was configured to track thershipeand
the usage details of tf®WPQAE OBUF structure, which is used to describe the details of a
VM paging I/O request sent to the disk. In this kernel, there are 56 sudehsbuMfe num-
ber them 0 to 55 for reporting purposes.

For each buffer, we report whether the buffer is free or in useal¥dereport the
contents of the flag field of th8WPA OBUF structure, which provides additional infor-

mation about the particular 1/0O operation for which the structuusasl, such as whether

the access is read or write. Free buffers are reported as “available” aslstow:

2016. 7295 sec cost -116.6 us

TICK SWO buffer 0 available flag = 00000000
2016. 7295 sec cost -116.6 us
TICK SWO buffer 1 available flag = 00000000
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2016. 7295 sec cost -116.6 us

TICK SWO buffer 2 available flag = 00000000
2016. 7295 sec cost -116.6 us

TICK SWO buffer 3 available flag = 00000000
2016. 7295 sec cost -116.6 us

TICK SWO buffer 54 available flag = 00000000
2016. 7295 sec cost -116.6 us

TICK SWO buffer 55 available flag = 00000000

During this test, TIPME did not record instances in which a SWPGP&ruc-

ture was in use, which is consistent with the visual observation that system did mit expe

ence disk activity during the measurement period. However, if we hadenqges disk
activity during the test, TIPME would have generated a record sitnildre one shown
below. For each structure that is occupied, we report the ownersifalcaure by showing
its process ID. We also report the size of the 1/0 operationttbdiuffer is used to repre-

sent. Sample output is shown below:

2016. 7295 sec cost -116.6 us
TICK SWO buffer 26 owned by 2 handling 4096 byte 10 flag = 00100010

The information described above is recorded once every two operatinghsyste

clock interrupts. TIPME spent 116.6 us. collecting this information. UB&®/0S, oper-

ating system clock interrupts occur every 10 ms.

The output below shows the second mouse move request. The processing of this

request completed in about 0.3 ms. of which TIPME was responsible for 52.5 us. or about

17% of the latency.

2016. 7530 sec cost 1.9 us
Mouse interrupt. 4 bytes <00><01><40><00>
2016. 7530 sec cost 0.5 us
Pi d 693 resuned execution
2016. 7531 sec cost 27.9 us
X select returned 1 channels ready 1 for reading, O for witing
2016. 7533 sec cost 22.2 us
X server retrieved nouse input
00: 01: 40: 00
2016. 7533 sec cost 19.6 us
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X nouse poi nter updated
2016. 7534 sec cost 20.5 us

X calling select waiting for input
2016. 7535 sec cost 1.8 us

Pid 693 going to SLEEP
2016. 7535 sec cost 0.6 us

Pid 693 about to | ose CPU

4.6 Limitations

We designed TIPME to be used in an environment where users have their ow
machines and perform most of their daily computation on a personalmaahthe con-
sole user. Since our purpose is to diagnose the source of user-peecdelaps, the data
that TIPME collects are unsuitable for diagnosing the causes ah#ligecond delays.
We do not break down a network-related delay into its subcomponents. Faiexdma
client program blocks for a long time waiting for a service froraraote server, TIPME
output will show the delay only as a network-related delay. A campleakdown of the
delay requires us to deploy a TIPME-like infrastructure on the sanckicoordinate the
data collection process. This is left for future work.

Since our approach is software-based, we are often unable to detdrencaise
when a device, such as a disk, misbehaves. TIPME will identify wherstzehaving
device is the cause of a long latency, but cannot determine why the teti@ved in such

a manner.

4.7 Conclusions

The definition of performance is unique under interactive systems ftnttis
decided by users’ perceptions, not by an easily quantifiable metric sutinoaghput.
TIPME is designed to improve user-perceived performance by helping us disgmbs

correct performance problems that plague interactive users.
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To capture infrequent and unexpected problematic situations, TIPME contiyuousl
collects operating system and X server state. Storage requiscanerikept reasonable by
discarding collected information after a specified interval hagseld. The runtime over-
head of TIPME can be a significant percentage for events with @i@tms) latencies,
however, we can safely ignore this overhead, for these events themselves are not percept
ble [35] and not likely to annoy users or affect the way in which the useraantgth the
system. For events with longer, possibly human perceptible latenciédETdPerhead is
insignificant. To identify unlikely situations in which TIPME is a wragontributor to the
response time, TIPME records the cost of generating each and esery. rBuring a
postmortem analysis, we calculate the total overhead of TIPME badéd information

and ensure that TIPME did not cause the performance problem that the user experienced.
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Chapter 5 Measurement results

In this chapter, we demonstrate TIPME’s utility in identifying systeroblems
that lead to poor user-perceived performance. We will present thigsdsf the perfor-
mance problems we have discovered using TIPME to continuously monitstates of
the system. As intended, TIPME was successful in collecting iafbtsm necessary for
diagnosing performance problems that would have been extremely unlikelyet®dan
discovered using conventional measurement techniques. These problems are the results of
delicate and unexpected interactions between the processes andites &e the system
making them difficult to reproduce using conventional benchmarking techniques unles
the exact cause of the performance is already known.

In Section 5.1, we describe the general measurement strategy weWesed.
describe the experimental setup in Section 5.2. In Section 5.3, we detheriperfor-
mance problems we discovered and how we used TIPME to determineute af the
problems. We discuss our experience using TIPME as a diagnostic 8aition 5.4. and

present our conclusions in Section 5.5.

5.1 General strategy

The purpose of TIPME is to collect sufficient system statermétion to enable
the diagnosis of performance problems that annoy users. To collect inornifaat
enables the diagnosis of these problems, we deployed TIPME on sevskédpde

machines and continuously monitored the system. We instructed the users to indicate th
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annoyance with system performance by pressing a hot-key combination thas caus
TIPME to write the contents of its buffers to disk.

We then examined the data collected. Most of the reported performesidem
instances showed that the process or the processes involved imgetiwicuser-request
did not execute in a timely manner. It was expected that the caiubese problems were
notthe raw processing power of the hardware. If the latency of progessre limited by
the raw processing power of the hardware, the event would have congistéeisied long
latency. Users tend not to report such events as performance prdi¥easse they have
grown accustomed to the long latencies. They expect and accept such longdasrbe
limitation of the hardware that they are using. In this work, we doamatern ourselves
with consistent performance problems since these are exactBothef problems for
which the use of conventional throughput-based benchmarks are effective.

Using the collected data, we determined what kept the latenayatptiocesses
from executing. If the processes were not runnable (e.g., waiting¥bt page or com-
pletion of an I/O operation), we identified the exact cause and examhsech conditions
can be removed or optimized. If the process was runnable, we exantiggtiensched-
uler made a suboptimal decision.

In some instances, it was necessary to modify TIPME to coliliti@nal infor-
mation. For example, if a performance problem is caused by the latgticgl process
blocking waiting for a resource such as a preallocated buffer speceot sufficient just
to determine on which resource that the process is blocked. We niast sdbrmation

that indicates how the resource is allocated and held by other agé¢néssystem. This
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necessitates that we redeploy an updated version of TIPME andowtiefproblem to
reappear.

Once we determined the exact cause of the performance problemgeveirus
newly acquired understanding of the problem to construct microbenchmarksdfeate
the problematic condition. It is extremely unlikely that one would cortssuch bench-
marks by chance. One must understand the exact cause of the perfquroatera to rec-
reate the system states that triggered the problem. Information collected b TBEkés
it possible to carry out such analysis.

The microbenchmarks serve two purposes. First, they act as a daeoty We
construct these benchmarks to reproduce the conditions that we have deterrbaéuket
cause of the performance problem. If our diagnosis is incorrecyriileely that we will
be successful in constructing such benchmarks. Second, they serve atat@bliate
the effectiveness of solutions that we implement to correct tfi@pence problem. They
can also evaluate any future solutions. In addition, we have found it ektresedul to
use microbenchmarks along with TIPME. This allows us to deterrhthe microbench-
mark is recreating the system state that we observed in ansyater actual use. This
also helps us identify the problems in the solution when it faiitoinate the perfor-
mance problem it was intended to eliminate.

In summary, the general strategy we use is as follows:

1. collect data when the system is performing poorly

2. identify what is keeping latency-critical process(es) from executing

3. if necessary, add monitoring to further identify the cause of (2) and go

back to (1).
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4. construct microbenchmarks that reproduce the observed problem
5. use the microbenchmarks to evaluate solutions to the problem
6. use TIPME to pinpoint the problems in the solution when it failsito ¢

rect the performance problem.

5.2 Experimental setup

We installed TIPME on three personal desktop machines, RieslingzShird
Muenster. Table 8 contains the description of the machines used foexjiesiment.
Riesling and Shiraz are used as the primary desktop machines gfaduate students,
while Muenster is used as a microbenchmarking and test machine. Bibth graduate
students are actively involved in operating system development. The tigs&al per-
formed on these machines are editing, compiling, and web browsing. While Shisazl is
almost exclusively by the person seated at the console, Riesling offeorts an extra

user who uses the machine as a compute server.

Table 8: Description of thetest machines

Riesling Shiraz Muenster

CPU Pentium Pro 200 Pentium 133 Pentium 100
Motherboard Tyan S1662 Tyan S1562S Asus T2P5
L2 Cache 256KB on-module 512KB 512KB
RAM 128MB 64MB 96MB
Harddisk Quantum TM2110S Quantum TM2110S Fujitsu M1606S

Seagate ST34520N Seagate ST12400N
SCSI Host Adapter BusLogic BT-946 BusLogic BT-946 NCRS8
Display Adapter Number 9 Vision 330 Number 9 Moti@B13 Diamond Stealth 64 DRAM

We instructed each of the console users to press the hot-key combination when the
system responded unacceptably slowly. We also asked the users taarghortidescrip-

tion of the performance problem they observed. We performed a postmarédysia
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based on the description of the problem provided by the user and the list&a Géner-

ated.

5.3 Performance problems

On average, these machines perform acceptably. However, during thal sever
month testing period, both users experienced performance problems ranging/ugem
gish mouse pointer movements to the system becoming completely unrespongpviofor
8 seconds. In this section, we describe how we identified and diagnosedpérés-
mance problems. In Section 5.3.1, we discuss how we captured and diagnoded-a per
mance problem in which the console became unresponsive for several sdoonds
Section 5.3.2, we explain how we determined the cause of the sluggish mause poi

movement that the user occasionally experienced.

5.3.1 Multi-second console pause

The first observed problem was the console becoming completely unresponsive
for several seconds. These problems coincided with heavy jobs withritedjgk 1/O,
such as a kernel build. TIPME output immediately revealed that gexver process was
blocked during the problematic interval waiting on #wpgi obuf wait channel. This
made the console unresponsive to user input.

When the VM system initiates a page in or page out I/O, it acqabef struc-
ture, which is used to describe the specifics of the I/O, such as which dik{spkimould

be read/written and where in memory the data should be stored/taken from. BSD/OS’ VM

system maintains a pool that contains a fixed number of these stréictre there is a
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shortage obuf structures, processes go to sleep on the wait champeli obuf wait-
ing for a buffer to become available.

TIPME output showed that thebaf structures were highly contested. In order to
understand how such contention arose, we modified TIPME to record the ojynars
these structures. We redeployed TIPME and waited for the problesagpear. The out-
put from the modified TIPME indicated that during such problematicviakgrthe page-
out daemon was monopolizing all of the availdiolé structures to initiate 64KB pageout
requests. Since naouf structures were available to initiate a page in request on l#half

the X server, it was kept blocked, rendering the entire console unresponsive to user input.

5.3.1.1 Reproducing the problem using a microbenchmark

From the TIPME output, we determined that the pageout damon can monopolize
swpgi obuf when cleaning VM pages trying to keep up with the memory demand. This
information is detailed enough to allow us to construct a microbenchmarlephatiuces
the exact problem.

The benchmark consists of a timing process and a number of child psocHsse
timing process sleeps for 100 ms, reads a word from a 4MB buffereaortis a times-
tamp by reading the CPU's cycle counter [16]. The buffer is refederydically with a
4KB stride, which is equal to the page size used by the Pentium amgnP&nbd proces-
sors. The child processes generate memory pressure by continuouslyavsitigée word

to their own 12MB buffer, also using a 4KB stride.

7. The number of preallocatedif structures is determined by the amount of physieahory in the system.
Riesling and Shiraz pre-allocated 64 and 50 suéflets, respectively.
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This benchmark measures how promptly the system can process an ewent tha
involves a memory reference that can potentially cause a pagevfaldtthe system is
experiencing heavy memory pressure. ldeally, the time stamps geneyatieel timing
thread will be about 100 ms apart. Any delay in handling the memory adildesgthen
the interval between two timestamps. (The 100 ms delay waseskteanodel the inter-
arrival time of fairly rapid keyboard input.)

We ran these benchmarks with the test machine running in singleaoderand
disconnected from the network. Unlike the problem discovery phase of thesprace
have eliminated unexpected external interference, but we believis fhtified in this
case, since we are now artificially trying to reproduce a probhetnvie observed under
normal use. Since the two machines used to discover the problemcanmestant use by
their console users, we ran the microbenchmarks on the third machirenster,
described in Table 8.

We ran the benchmark program varying the number of children from one to eight.
When the number of child processes reached four, the system began taleximtnblem
we were trying to reproduce. The intervals between two time stasepsded by the
benchmark program often grew longer than one second. In some cases, t& inter
exceeded five seconds. We used TIPME to examine the state of tib@ slgging such
problems and confirmed that the cause of the delay was the timiag thiecked on the

swpgi obuf .

75



5.3.1.2 Finding aremedy

In order to prevent the pageout daemon from monopolizing all thé¥Mstruc-
tures, we made a quick change to the kernel that makes tentkafftheructures unavail-
able to the pageout daemon. This allows other threads to make forwardsprogyren
under heavy pageout traffic. We reran the microbenchmark, but were disappuatted t
did not observe any significant improvement in the system’s behavior.

Once again, we used TIPME to monitor the system while it was rurthiang
microbenchmark. This time, our data revealed that the measurenead thas waiting
for the paging 1/0 to complete on te@pgi o wait channel. Examination of the source
code revealed that the acquisition af\epgi obuf was soon followed by an I/O opera-
tion, which caused the thread to blocksompgi o. TIPME had identified and allowed us
to remove one performance bottleneck, but there was another performaitereebk
involved in this particular performance problem.

The BSD/OS operating system uses the CSCAN [35] algorithm to disler
requests. The CSCAN algorithm is designed to improve disk throughput by ordiskng
requests to minimize seeks, but does little to minimize latdhgsing these problematic
intervals, the pageout daemon initiates 30 to 40 separate 64KB wWiiesystem can
stall for several seconds handling a page fault if the faultingrezpebst is placed behind
the pageout write requests in the disk queue.

To determine if this problem is correctable, we changed the diskstegpakering
algorithm into a FIFO withskip aheadUnder this simple algorithm, incoming requests
are queued in a FIFO manner unless the new request was generated a# thfearpage

fault. These page-in requests are placed ahead of other requéstsdiakt queue (i.e.,
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Figure 6: Latency Distributions Before and After System Modification. The left graph shows the laten
distribution we observed on the unmodified systesimgiour microbenchmark. Notice that there are rsdsamples
with latency longer than one second with one ev@ving latency of about 8 seconds. The right grsipdws the
latency distribution after changing the buffer aiion strategy and the disk scheduling strateggs@ changes ha
eliminated the long latencies our users expergnce

“skipped ahead”) as long as the following conditions are met: 1) pageniests do not
skip ahead of other page-in requests; 2) when skipping over page-out rehaestsiust
be at least 3 pageout requests ahead in the queue. The goal of thismalgoto handle
page-in requests quickly, and at the same time, allow the pageouwbrae maintain a
large enough pool of free physical pages in the system. TIPME output had gtaawn
when the system does not have enough free pages available, thredusckilbn the
t hr d_s wait channel. By leaving at least three page-out requests in froné afewly
gueued page-in request, we reduced the performance impact of a threpdibeked on
t hrd_s, while shortening the time during which threads are waitingwogi 0. We
view this as a short-term solution to demonstrate TIPME's#ffness, and do not pro-
pose that this is the “right” algorithm to use, in general. Deténgithe best disk schedul-
ing algorithm for an interactive system is left for future research.

Figure 6 shows the results of the microbenchmark before and after ourcarodi
tions. The microbenchmark collects 10000 time stamps, thus 9999 interwatspme

trial. The data are shown in the histogram format using 10 ms bucket.
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The results show that our simple disk queueing algorithm and small cabidifi
to the way VM buffer structures are allocated greatly reduceseterity of the problem
our users experienced. We expected the disk queueing algorithm to redwa syst

throughput, but the time to build the BSD/OS kernel actually improved from 86&-2

onds down to 839.3 secoffdd his was unexpected, but we hypothesize that because this
test is single-threaded, the faster pagefault handling was moretamiptiran the poten-
tially lower disk throughput. Though we are still unable to demonstratadbative
impact of our changes to system throughput, we expect that these chalhgessen
system throughput in some cases. However, we have shown that the throughput-cent
disk queueing algorithm actually does cause a very real and user-jixecegtformance
problem, and that a different and “worse” (with respect to throughpktpdisueing algo-
rithm improves user-perceived performance. Although it is beyond the sttpe thesis,

we believe we can design a better queueing algorithm that will praviciempromise

between throughput and latency.

5.3.2 Sluggish mouse pointer movement

The second performance problem we captured is the sluggish mouse pointer
movement when there was a compile job running in the system. During saubnpr
intervals, the system spent between several hundred millisecoads second updating
the mouse pointer in response to user input. Operations such as mousenpoyeteent
are designed to provide an illusion of physical connection between the ive dad

what appears on the screen. These operations are more lateioay ttdin other opera-

8. These figures are the mean of five runs. Thedstahdeviation was less than 0.2% of the mean.
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Figure 7: CPU usage and process priority: Above graphs show the priority level of the relevprocesses and hi
they consumed CPU during a problematic time infefTHPME output shows that the system spent mostsofime
executing compiler processes instead of the X sér@eause CPU-bound compiler processes were abléaia highe
priority levels than that of the X server.

tions such as echoing of keystrokes. According to Shneiderman [35], an aaxeptabl
latency for handling mouse movement events are reported to be around 50 iBid&6 m
onds.

Data we collected using TIPME showed that during the problemativaht¢he
process scheduler favored compilation jobs over the X server, which fidneltask of

mouse pointer update. This finding is counterintuitive because BSDND® Uuses a pri-
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ority-based scheduler that favors interactive processes over CRIdhmt@rocesses such
as compilation. This scheme does so by monitoring each process’ CgtJamshlower-
ing the priority of processes that frequently consume their full scimgdgliantum. In this
particular instance, this scheduling scheme was not working as designed.

Figure 7 depicts how CPU time was consumed by the relevant procedsté®e a
priority levels of these processes during the problematic timeattéll the graphs show
time on the X-axis. The mouse generates a series of data pcktetescribe the mouse
motion. In this particular problem instance, the first of such dateepaarrived in the
system at time index 0.02. The system processed the first data pébka good latency
of less than a millisecond, but the system spent a substantiallyr lbnge providing
visual feedback for the subsequent data packets. The longest latencyemesdhgas
about 850 ms. At time index 0.95, the X server finally completes thessimg of all the
pending mouse events and goes to sleep.

Figure 7(a) shows how processes consumed CPU time. Solid horizontal line
denote that the process shown on the Y-axis consumed the CPU during ésparating
time interval. This graph also shows process state changes thaselffiedtiling decisions
such as the birth(fork), death(exit), sleep, and exit. From this graph, we emeobdien
the X server is awakened in response to the mouse input and whart lfagk to sleep
after completing the mouse input handling. The graph also shows that duritignthis
interval, the system spent most of its time executing compile PR, (C preprocessor)
and CC1 (C compiler), instead of the X server.

Figure 7(b) shows the change in the processes’ priorities during this period. Under

BSD/OS UNIX, a numerically smaller priority number means higiarity. Each pro-
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cess executing user-code is given a priority level (numericallg¢idahan or equal to 50
based on its past CPU usage. The system divides all the procdssasei of 32 priority
classes by putting processes with similar priority levels into doetgrclass. Processes
in a lower priority class are executed only when there is no runnablespriocany of the
higher priority classes. Processes within the same prioritg el@sexecuted in a round-
robin fashion regardless of the process priority. Although not shown heresgescare
given a higher priority while executing kernel code, for they often holadakitshared
resource, such as locks, inside the kernel.

Although the X server is an interactive process, the priority oktberver is lower
than expected at around 58. Most of the other interactive processes sucmasmddime
shells usually show the highest possible user priority level of 50. Hesvér’'s lower pri-
ority reflects the fact that the X server has been performingetation including previ-
ous mouse pointer updates and updates &t &m mwindow in which the compile job is
executing. Although the latter task was performed on behalf of an X client, the Xiserve
charged for the computation, and as a result, its priority is lowered.

In comparison, each compile job is initially given a higher priority |¢évah that
of the X server. Although newly created processes initially inHegit priority from the
parent, the scheduler soon recalculates their priorities basediopasteCPU usage his-
tory. The initial rise of CC1'’s priority observed around time index G2Rie to this recal-
culation. As CC1 has little or no past CPU usage history, the sehneaksgigns high
priority to the compute-bound CC1 process. The lack of CPU usage infonntatiises

the scheduler to assign a high priority to newly created processedlesgaof the pro-
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cesses’ true CPU usage characteristics until the process bpigtsough CPU usage his-
tory for the scheduling algorithm to function effectively.

As a result of this oversight, a newly spawned compile job initatlyins a very
high priority despite being compute-bound. It takes several hundred oahide for the
scheduler to build up enough CPU usage history and adjust the compile jolitg fwribe
lower than that of the X server. In some cases, such procesaaste before the sched-
uler accumulates enough information to make effective scheduling decisions.vena se
hundred millisecond delay in adjustment is sufficient to starveXtkerver to cause per-
ceivable, sluggish mouse pointer movement. The symptom is especially siachtions
in which many compute-bound child processes are created repeatellassdaring a
build. Each child can hinder the progress of a latency-critical préoessveral hundred
milliseconds.

Figure 7(c) makes the relationship between process priorities antluaheeci-
sions clearer by showing the CPU usage information and processigsitogether. This
graph shows two instances in which the scheduler executes a proitekswer priority
even though there exists a runnable process with a higher priority. This warranttaan exp
nation. The first of such instances is seen around time index 0.03. Thielsclexecutes
the X server instead of the CPP process even though the CPP pracadsdieer priority
level. This is because the X server was blocked inside the keraeltgmacquiring the
CPU. This caused the kernel to assign the X server processity el higher than that
of any of the processes executing in user-level. As a result, the X server adupiGflLt
immediately after it was awoken and was allowed to consume shefréhe scheduling

quanta.
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The second of such instances is seen beginning around index 0.78. The scheduler
executes CC1 even though the X server has a higher priority level. ISavtyes contrib-
ute to this behavior. First, the priority levels of the X server and CCL#iaently close
that the scheduler placed both processes into the same priorityTdlasscheduler exe-
cutes processes within the same priority class in a round-robiadiie second is the
timing with which the Window Manager woke up. Because of its high priavel, the
Window Manger process interrupted the execution of the X server priocessliately
after the X server process was scheduled. When the Windows Mamagpleted its
computation and went back to sleep, the system selected a procefisefitnighest prior-
ity, non-empty priority class, which contained both X server and CC1. The sehegeat
cuted CC1 instead of the X server, since the X server had beenieggasit prior to the

Windows Manager.

5.3.21 Reproducing the problem using microbenchmarks

The cause of the problem is the scheduler granting a newly-created$eohigh
priority regardless of the process’ true CPU usage charaasridtinewly-created, com-
pute-bound process is allowed to use up more than its appropriate strereC6fU time
until the scheduler collects enough statistics about its CPU usaagjust its priority
accordingly. This process often takes several hundred milliseconds.

This problem is magnified when a stream of new processes are introducée into t
system. By continuously introducing compute-bound jobs with high initial priority int

the system, a parent process can trick the scheduler into allocainegCPU time to its
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compute-bound children starving other processes, including latency-critical inrtbe
system.

The microbenchmark we constructed consists of a measurement thdeaikeaor
more load generating threads. The measurement thread executestlaatqogrforms a
computation that takes approximately 10 ms of CPU time followed by 50 ms of sleep. W
selected the duration of the computation and sleep such that théymfdhie measure-
ment process will stay around 58 to approximate the priority level of therver when
the system experienced the performance problem. At the end of théoepdteration,
this thread records a timestamp. In our benchmark run, we set the moinhbep itera-
tions such that 10001 timestamps are generated. This yields 10000 inbetveden

timestamps. The pseudo code for the measurement process is shown below:

while (!done) {
sl eep 50 ns.

for (i =0; i <N i++)/* 10 ms. worth of conputation */

record tine stanp

}

If the measurement process is the only process in the systetiméséamps that
the process generates should be spaced at about 50 + 10 = 60 ms. Asatahde this
value is expected when other processes are present in the systeewek@mn excessive
(several hundred milliseconds or more) deviation is an indicationhta@PU scheduler
made a suboptimal decision.

We test how reliably the system schedules the measurement tisieg two dif-
ferent load conditions. The first load condition involves one CPU-bound process that exe
cutes an infinite loop. The second load condition involves a thread thatafadk®pute-

bound child once every two second. The parent thread sleeps between fotiomgera
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The child executes an infinite loop, but the parent always termittaeshild process

before forking a new one so that there is at most one child prestg system at any
time. This time interval is selected to model a job suchlasld that repeatedly spawns
compute-bound processes.

We ran this benchmark on the test machine Muenster. In order to puevelated
activity from affecting our result, we ran Muenster in single-user modertigcted from
the network during this experiment. Figure 8 contains histograms that bbadistribu-
tion of the intervals between timestamps for each load conditionsisééea bucket size
of one ms to construct the histograms. Figure 8(a) shows the resuttfustéhe load
condition where there is one, long-running CPU-bound process in the system.8fjure
shows the result under the second condition where a new CPU-bound psoxrestdad

every two seconds.
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Figure 8: Spawn test: The above graphs show how predictably the systdradsted a process that spent most «
time sleeping when there were CPU bound jobs ptdagetne system. Under ideal conditions, timestarttyzg th
benchmark program generates should be spaced rms60he system scheduled the measurement thremal iohes
manner when the system was loaded with one longimgn CPU-bound process (Figure (a)). The systeperance
problems when the system was loaded with a sequ#rstert-running, CPU-bound processes (Figure (b))

Figure 8(a) shows that the system had no problem scheduling the measurement
thread reliably. The histogram shows that all the loop iteratiohs@0ans. The system
was equally successful in executing the measurement thread in@aiskedmanner when
we modified the microbenchmark to add another long-running, compute-bound child pro-
cess to load the system.

The second load condition successfully recreates the performance problem
Figure 8(b) shows that although most of the loop iterations completed with the idgal del
of 60 ms, there were several hundred iterations that did not. Thezesesmen iterations
that required 561 ms to complete. During a separate run of the microlzkcka used
TIPME to confirm that the benchmark was reproducing the problem wezilakss in

Section 5.3.2.
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In addition to these two load conditions, we have measured a slightlyiedodif
version of the second test to evaluate the impact of the system haltanakes children
inherit their initial priority from their parent. In this teshet parent process that spawns
compute-bound children performed two seconds’ worth of computation between
fork(2) instead of sleeping in the second test case. This causes thepracess to
attain lower priority, which is then inherited by its children. Werditlobserve any signif-
icant change in the result. This result is easily explained byatitetfat the priority of a
newly created processes is recalculated soon after creatioBSHOS operating system
performs such recalculations every 40 ms.

These benchmarks demonstrate that the source of the performance psatdém
the existence of compute-bound processes in the system but the fregagahof com-
pute-bound processes. The scheduling algorithm treats a newly creates$ @odkit is
an 1/0-bound process until the process accumulates sufficient Citjé ugformation,

allowing these young processes to interrupt the execution of other pracebsesystem.

5.3.2.2 Finding aremedy

There are two causes that contribute to the sluggish mouse movewigetpr
The first is the way that the scheduler calculates the priofibewly created processes,
and the second is the fundamental way in which the scheduler performgsagélcalcu-
lation. The system charges all the CPU time a process consarttes process that per-
formed the computation regardless of the beneficiary of the computatitns particular

problem, the X server was penalized for the computation it performbdhaif of the X
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client, which is arxt er mprogram, that was displaying the output generated by the build
process.

Correcting the above problems completely requires an extensive redesign of
system resource management scheme. We believe ideas suclotsrhedheduling [43]
and resource containers [2] can be used effectively to tackle ¢tiepr. Although find-
ing such a solution is not the target of this study, we still museptehis problem from
occurring in order to find other problems. If the system continues to exhibiperfor-
mance problem, users will continue to collect TIPME data thatiftes the same prob-
lem. In order to prevent this, we modified the kernel such that tbatprievel of the X
server is fixed at 49, one level higher than the highest possible prieetyalehieved by a
process executing in the user-mode. This change kept the problem &opeaeng and
made the response of the mouse when the system is heavily loaded, duchga build,

perceivably better.

5.4 Discussion

Our experience using TIPME to identify and correct intermittenfopeance
problems indicates that this process is an iterative one. Findingx#wt cause of the
problem sometimes involves the addition of instrumentation points anéasunement.
The basic set of information outlined in Section 4 has always beeessfizian narrowing
down the possible causes, but in some cases, determining the exaabfcdugsproblem
required the collection of additional, problem-specific information. TH&Mramework
allows such changes with relative ease, and much of the work involvadding an

instrumentation point can be automated.
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The problem we presented in Section 5.3.1 required one such iteration. In this
instance, the initial TIPME output showed that the latency-critiwedad was blocked
because it was unable to acquire buffer space. In order to dhiseptoblem, we needed
to understanavhythe thread was unable to acquire the buffer space.

We have also found that constructing microbenchmarks that reproduce observed
performance problems is extremely beneficial. These benchmarks caed® evaluate
the effectiveness of possible solutions and also to determine fibrpiat other than our
target system experience problems under similar conditions. In adddiwstructing such
benchmarks proved to be an effective way to understand the problem fulbhéngaus
pinpoint the exact cause of the problem. We had originally hypothesizedubke of the
sluggish mouse movement problem to be the system policy that deterha@neial pri-
ority level of the child based on the parent’s priority level. As dsedisn Section 5.3.2.1,
we created a modified version of the benchmark so that the childspescare forked
from a parent with low priority level. The priority of the parent pescproved not to be
significant, and thus we were able to determine the true catise pérformance problem.

We have also found that it is necessary to either correct thevetlgeerformance
problem or apply a quick patch to prevent it from occurring once the analysis is complete.
Unless we prevent already-analyzed problems from reoccurring, thealiser§IPME
instrumented system will repeatedly present data that identify the same problem

In addition to diagnosing performance problems that an existing system-exper
ences, we believe that infrastructures such as TIPME should éhenusenjunction with

the suite of throughput-based benchmarks to evaluate the performanceafrgiantiges
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made to the operating system. By testing new changes in systems umdal us®, we

can ensure that the changes do not introduce undesirable interactive behavior.

55 Conclusions

In this chapter, we have demonstrated TIPME’s utility in identifying, tstdied-
ing, and diagnosing intermittent performance problems. The causes of thengsobé
observed ranged from easy-to-correct performance lsugeg{ obuf allocation) to ones
that require or warrant a fairly extensive change in system palisyructure (disk head
scheduling and CPU scheduling). One instance demonstrated the defriefieats that
the throughput-centric performance tuning can have on the latency (dskdteeduling).

More importantly, these performance problems were nearly impossitdentify
using conventional benchmarks unless the exact cause of the problem was KfME
was successful in collecting information from systems under norradahasallowed us to

determine the exact cause of the problem.
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Chapter 6 The Generality of TIPME

The current implementation of TIPME is platform specific. Howgtrer method-
ology we have developed is applicable to other platforms. Platformstb#reour target
platform also experience intermittent performance problems, which TiBIgjgecifically
designed to diagnose, and some of the problems we have uncovered and reproduced are
also present on other platforms. In this section, we discuss theadyifiijcof the TIPME
methodology to other systems. First, we discuss TIPME’s hardwaretwdre require-
ments. Second, we identify the classes of the information that TIRANHE extract from
the system, and finally, we use microbenchmarks to show that sotie pfoblems we

observed on the target platform are present in other systems.

6.1 Requirements

TIPME helps us eliminate intermittent performance problems byugagtthe
state of the system while it is experiencing a performance pnobhe then analyze the
information collected to identify the exact cause of the problem, wdfieh is due to the
operating system making a suboptimal decision or mismanaging limited resources.

The first requirement for this methodology is access to the opesytitgm source
code. While it is possible to facilitate basic data collectiocdrgfully reverse engineer-
ing the operating system and by using binary instrumentation tools sucrhg8Htand
ATOM [38], source code access is essential for analysis. Themdatallect is used to
identify problems in the software such as limitations of the operattstem policy algo-

rithms and the flaws in operating system implementation itskit fequires an under-
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standing of the operating system’s logical structure. This level of stadeling is difficult
to achieve without studying the source code. It is also true thabtiree code is often
necessary in order to correct identified problems.

As in the example discussed in Chapter 5.3.1, some problems necdissitzié
lection of additional information. In this particular case, the basicmation collected by
TIPME identified that the latency-critical process was blockea @articular resource,
but for a complete analysis, it was necessary to collect additiatealthat show how this
resource was consumed. Without source code access, modifying thetsystdisct such
additional information can become an extremely time-consuming task.

The second requirement is the availability of a high-precision, globek.cThis
clock value is used to label each of the records that TIPMEatslfrom various parts of
the system. During the analysis, we use these timestamps for suchepuapadentifying
the beginning and the ending time of a problematic user event and mergswytamgithe
data collected from separate parts of the system in chronologileal Be found a preci-
sion of several microseconds to be sufficient. As hardware-baskdnpagnce counters
are becoming common, this requirement is likely to be met by moke gfdpular hard-

ware platforms.

6.2 Collecting necessary infor mation

As discussed in Section 4, TIPME collects operating system and/&r state for
two major purposes: to identify the beginning and ending of problematic ilsteava to
provide enough information to make diagnosing the problem possible. In the following

sections, we discuss how one might facilitate the collection of sificimation using
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operating system and GUI platforms dissimilar to our target syshemBSD/OS operat-

ing system running XFree86.

6.2.1 Determining the problematicintervals

The goal of the TIPME methodology is to identify, understand, and elienthat
causes of long response times that frustrate users. To do so, orfiestidsintify the time
interval during which the user was waiting for the system to respmh@er request.
More precisely, we must identify the time at which the useatei an operation and the
time at which the user received necessary feedback from thensfgst&im/her to con-
sider the operation complete.

In the current version of TIPME, we infer the beginnings of events from keystroke
and mouse command records and the endings of events from X11 protocjesemsd
server states. We record the arrival of keystrokes and mouse ooingide the inter-
rupt handlers. By instrumenting these interrupt handlers, we are atdeoral the input
events as soon as the system is notified of their arrival. In orderetonile® the end point
of an event, we modified the X server to record X11 protocol message exchanges and var-
lous state transitions inside the X server, such as the handlinglofequests and input

processing. By carefully following the handling of X client requestsithative screen

update, such a§ | nageText 8°, we ascertain when the final visual feedback associated
with the event is handled.
Intercepting and logging keystrokes and mouse events inside interrupt hasdlers i

an accurate, simple, and fairly universal solution to identifying whend@einitiated the

9. This request is used to display strings on theesc
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processing of an event. However, identifying when the system completpabtiessing

of the event can be complicated, especially if the target systérapplication frequently
perform extra screen updates that are unrelated to the partasidhat the user had initi-

ated, such as blinking cursors and animations. Under such an environment, identifying the
end point of an event becomes cumbersome and the result less psaeséave noted in

a previous work [11]. The platform we used and the applications typicsdigt on them

do not perform such superfluous screen updates. This made the task mirdegethe

event completion time from X11 protocol message exchanges manageable.

For systems and applications that perform such superfluous screen uptates
task of identifying the event end point is more difficult. In systams ss Microsoft Win-
dows and Windows NT, it is common for the system and/or applicationsi¢vage non-
critical screen updates. These updates may result from featwlesas blinking cursors,
interactive spell checking, animation, etc. that do not affect, onaratended to affect,
the response time. In such an environment, the assumption that the compietil the
screen update requests signals the end of event handling no longer holds tinesel
environments, the only agents, other than the user, that can reliablyyideaténd of
event handling are the client programs. Client programs have enfficiformation to
determine which screen update requests that they make are latiticay-and which are
not. This information is necessary in order to determine when tharsgsiapleted the
handling of an event.

To overcome such difficulties, frameworks such as ARM [15] can liktadever-
age the extra knowledge that client programs hold. ARM provides a A&t dfinctions

for client programs to call before and after handling an event. By haig@mgsccall one of
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the API functions immediately after they initiate the ladical screen update, we can
easily identify completion of the screen update that signals caompleft the event han-
dling. Although client-side instrumentation complicates the measurgmegcgss, it may
be the only solution to measure and understand performance problemsnneqokbg

complex programs.

6.2.2 Aiding diagnosis

With the problematic time interval identified, we examine the various systizmie
information collected during this interval. Ideally, these systenesstaill identify the
exact cause of the performance problem, but determining beforehand theaiidarsuf-
ficient to identify the exact cause of many performance problemsady impossible.
This is why an iterative process of refining the collected statdse-measuring is some-
times necessary. We have, however, identified a set of basic atfomthat either pin-
points the exact cause of the performance problem or at leasatggliwhat extra
information we need to collect in order to identify the exact cause of the problem.

In identifying the basic set of statistics to collect, we usinple yet fundamental
observation. In order for a latency-critical process to make progressst be scheduled
to execute by the operating system. If a process or a group of procsséen is the
case, are responsible for handling a user request, the operating systeaxecute these
processes in a timely manner. Failure to do so results in an unekpdote response
time that users find irritating. A performance problem can also be caused by alaikple

of processing power, but such problems will be observed consistentlys Wdkibe
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trained to expect long latency from experience [35] and will be nubeeant of such
problems.

We have identified four types of information as particularly imporsarat useful
in determining if the operating system is making appropriate decisibadir$t is the sta-
tus of each process in the system. We need to ascertain wheé#mayeritical pro-
cess(es) were running, runnable, or blocked during the problematic intdntak |
process(es) were blocked, we must record for what reason the process was blocked. Infor
mation that enables us understand the decision made by the scheduler, suphoagsise
priority, makes the determination of the cause of suboptimal schegdlétisions possi-
ble.

The second important class of information is the status of queudscksdon
which processes frequently block. One example of such queues is the digk Que
latency-critical process blocked for an unacceptably long time on a guasen that the
operating system is managing the queue suboptimally. By recording which psdtagse
created what requests and how the operating system ordered the contents of the queue, we
determine if the operating system is managing the queue optimally.

Third, it is useful to collect statistics that helps us deteemvhere the CPU was
spending its time during the problematic interval. This is easilgraptished by record-
ing the program counter value during an operating system clock interrupt.

Fourth, we must collect information that enables us to presenbtive aata in a
manner that can be understood by a person. We must collect informatiaticiva us to

associate process IDs, which are used as the key to most of the in-kerned prfmrena-
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tion, with program names, which humans can more easily understand. \Wenarstr
execve( 2) to associate process IDs and program names.

Although the detail and the frequency of data collection are drifstiliéierent,
we have found that the basic set of information to collect is airtol that displayed by
popular system utilities such ps( 1) andt op( 1) . These utilities display information
about processes in the systefop( 1) periodically re-displays the process ID, process
state (i.e., whether the process is running, runnable, or if blocked, foredlsan), and a
string so that the user can identify to which program a particotay eorresponds. The
existence of utility programs such as Performance Monitor, Systemtdv@mnd Task
Manager under Microsoft Windows platforms shows that the collection aifthrenation
we have determined necessary is possible under Microsoft Windowsr pisithlthough
the lack of access to the operating system source code makes the task difficult.

In summary, the ways in which we gain access to these piec#femhation are
unique to our platform. However, these types of statistics and the cortsely repre-

sent are applicable to other operating systems.

6.3 Existence of smilar problemsin other systems

In this section, we examine whether systems other than our targEnhsssperi-
ence performance problems under similar load conditions. We do so by pding t
microbenchmarks we have devised in Section 5.3 to the Win32 programming envitonme
[30] and running them on Microsoft Windows 95 and Windows NT 4.0. These bench-
marks will either show that these systems experience sipglformance problems dem-

onstrating that these platforms can benefit from our methodology or thagtdsuffer
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Figure 9: Latency Distribution under Windows 95 and Windows NT 4.0. We executed the microbenchme
described in Section 5.3.1.1 under Windows 95 andddivs NT version 4.0. The left graph shows thenlage
distribution under Windows 95; the right graph skothe latency distribution under Windows NT versi0.
Although the longest latency observed is not ag Emthose observed under our target platformatbacies are wel
above the human perceptual limit.

from similar problems. In the latter case, we describe possbleons using available

information.

6.3.1 Reliableresponse under heavy memory load

The first microbenchmark tests how consistently the system pertoshert task
introduced every 100 ms when memory-intensive tasks are present ipstam.s\We
ported the microbenchmark program used in Section 5.3.1.1 to take measuramdents
Windows 95 and Windows NT version 4.0. We used the machine Muenster foreidis
surement. The details of Muenster are shown in Table 8.

Figure 9 shows the measurement results using the same scaleyesmiplo
Figure 6. Although the longest latency is not as long as those we observedumdeget
system, there still are cases in which the system does not hiaadgesk in a timely man-
ner. In both Windows 95 and Windows NT measurements, there are cageishnthe
system takes nearly one second completing the task. Such latendyailsove the human

perceptual limitation and is likely to negatively affect user-perceived peafore.
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6.3.2 Priority calculation problem during fork

In this section, we test the microbenchmarks used in Section 5.3.2.1 Viledde
the microbenchmark to reproduce a problem with BSD/OS process pudaltylation
algorithm. BSD/OS calculates a process’ priority based on the gfdcB&) usage his-
tory, and as a result, the algorithm grants high priority to newlyedgabcesses, which
have little or no CPU usage history information. These benchmarksiradasv reliably
the system schedules a process that imitates the behavior okegactine process by
sleeping frequently.

We ran the benchmark under Windows 95 and Windows NT 4.0 running on the
machine Muenster. This benchmark consists of a measurement plateissitates the

behavior of an interactive process and a process that createspatedoound process

every two secondS. The measurement process executes a loop that performs 10 ms
worth of computation after sleeping for 50 ms. We measure how long each iteration of the
loop takes by recording a timestamp after the computation phasey theak timestamps
are spaced 10 + 50 = 60 ms.

Figure 10 shows the distribution of the intervals between two timestasimugsthe
same scale used in Figure 8. Figure 10(a) shows the result measuretMimisrs 95;
Figure 10(b) show the result measured under Windows NT 4.0. Although there are

instances in which an iteration through the measurement loop took tsvioagas the

10. The previously created compute-bound processrisinated prior to the creation of another
such process so that there is only one computeebprotess running at any time.
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Figure 10: Windows 95 and NT Above figures show how reliably Windows 95 and Windows NT 4.0
executed a process that smulated an interactive process while a stream of new, compute-bound processes
are created in the system. The measurement process simulates an interaatieess by executing a loop that
performs 10 ms of computation after sleeping fon&0 We measure how long each iteration of the took to
complete. Figure 10(a) shows the latency distributieasured under Windows 95; Figure 10(b) shows the
latency distribution measured under Windows NT 4.0.

ideal case, both systems performed more reliably than BSD/OS, vdsogeis shown in
Figure 8.

Custer states that the Windows NT scheduler increases threamitypnhen a
thread is unblocked [10], and according to King [17], the Windows 95 schedulea uses
similar policy, boosting the priority of threads when they become runnable. pbleses
are designed to provide good response time to interactive processebavsadhndencies

to block frequently. This is in stark contrast to BSD/OS’s schedplatigy, in which the

processes can receive an increase in priority only indirectly by natroamg the CPUL

11. The BSD/OS process scheduler temporarily raisepriority of unblocked processes, but its
effect is limited to the time that the thread ieexting inside the kernel. The purpose of this
priority manipulation is to allow threads that daold critical kernel locks to exit the kernel
quickly—not to improve interactive response time.
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We believe this policy difference is the reason that both WindowsiidiTWindows 95

performed better than our target system.

6.4 Conclusions

The current implementation of TIPME is platform-specific. Hogre the prob-
lems that it solves are present in other platforms, and the meblggdws broad applica-
tion. In this section, we identified the software and hardwayeirements that the target
system must meet in order to host TIPME. We have also claks#ifetypes of the infor-
mation that TIPME must collect and suggested alternative meaigtahing necessary
information when the new target system does not allow collection bfistarmation in
the same manner as the current implementation.

We then used the microbenchmarks devised in Section 5.3 to evaluat®rhmda
other than our test platform experience performance problems under $oad condi-
tions. Results from running microbenchmarks showed that other platforfas [gerfor-
mance problems under similar load conditions. These results demoftisatapdatforms

other than ours can benefit from a measurement infrastructure such as TIPME.
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Chapter 7 Conclusions

In this thesis, we have devised a measurement methodology to improyeeiser-
ceived performance. We have identified determining factors of usesiped perfor-
mance, described and demonstrated the problems and weaknesses of cusigenmeeda
techniques. We then determined the possible software causes for responsetdinigyar
and developed and demonstrated a measurement methodology that enables sygem expe
to identify the cause. Unlike conventional measurement and tuning techrhques-
centrate on improving the average performance, our methodology aims to aaadyze
eliminate performance problems that introduce response time vidyjabggatively
affecting user-perceived performance.

Response time is a major determining factor of user-perceivéatmpance, but
subjective factors, such as user expectations, also affect useivpdr performance
greatly. Users are frustrated when their expectation of systéiormpance is not met.
More specifically, what negatively impacts user-perceived perfocenas unexpectedly
long latency.

We identified problems with the current interactive systemsoresnent tech-
niques both qualitatively and quantitatively in improving user perceived pafae. In
general, the conventional measurement techniques calculate systeghgut by mea-
suring how quickly a system handles a sequence of simulated user inpaerimvotds,
system throughput is derived from the sum of latencies. This technégie évery event
latency equally even though some latencies are so short that theypareeptible and

have no impact on user-perceived performance. This technique also patentiorato
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latency variance even though HCI researchers have shown that the ghiétyicof
latency is at least as important as the duration.

Throughput benchmarks rely on the assumption that there is a direictnstigi
between the time spent by the system performing a task and the petfermance. In
order for this assumption to hold, a given benchmark program must perféixada
amount of work regardless of the system speed. We have identifieché@e im which
such an assumption does not hold. We have also shown that, using throughput benchmarks
alone, it is often impossible to detect such cases. We acconapiisaé¢ask by monitoring
how interactive tasks consume CPU time. We replaced the systden®op with our
own and inferred the CPU busy time by measuring the time taken esvaytfe idle loop.
We have shown an instance in which a popular application changes the amweark it
performs depending on the arrival rate of the simulated user input,rperoless work
when input is presented at a high rate. While this behavior is desbrabhuse it allows
the system to respond quickly to user input, it makes it difficult to guartraea certain
benchmark causes the system to perform a fixed amount of work. Thisnprable
expected to worsen given the fact that the practice of running backgrouadstah as
animation and interactive spell-checking that take advantage of miéeis becoming
increasingly common.

We have also shown that for tasks such as animation, the systemitpalfes
spending a fixed amount of elapsed time regardless of the system Apeetksult, the
time to complete such tasks has little or no relationship to thensy&dormance. Worse

yet, such behavior is often undetectable without detailed CPU usage profile.
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We have constructed a measurement methodology to overcome problems of cur
rent techniques. Our methodology is centered around the observation thattwaees
causes for response-time variability must be due to change(s) amibent of one or
more of the following: the computation required for the transactiontirine the pro-
cess(es) spends waiting for 1/0O or resource availability, an@Bé scheduling decision.
We have designed and developed The Interactive Performance Monitorimgriément,
TIPME, to detect changes in any of these factors. TIPME continuoustctsotelevant
operating system statistics that help us understand the system behaingra perfor-
mance problem. TIPME performs data collection with minimal overtse@ath that its
overhead on user-perceived performance negligible. Using TIPME, we hawk dadn
determined the exact causes of performance problems that would sthgwiunex-
plained even though the problems do actually plague interactive users.

During these problems, the system became unresponsive from several hundred
milliseconds to several seconds. Such delays are long enough to be botheeseaipe
and annoying. These problems required delicate load conditions to be mdeiirfar
them to appear, making it extremely unlikely for them to be discoverearatgzed with-
out using a methodology such as ours.

In both problem instances, the system failed to execute laten@akcptocesses,
the X server in particular, in a timely manner. In once instancé fegver was prevented
from executing by buffer contention. Removing this contention revealed thaegsogir
the performance-critical thread was further hampered by thehdes#t scheduling algo-
rithm designed to provide good throughput but paying little attention to latenagother

instance, an oversight in the process priority calculation algorithmezhabivly created
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compute-bound processes to attain unfairly high priority levels. This causschéduler
to fail to execute the X server for several hundred millisecondgemtiag the X server
from handling mouse input in a timely fashion.

The discovery of these problems motivates performance improvemerdelédre
mination of the exact cause of the problem enables the creation of better-perfaigoing
rithms and enables the creation of microbenchmarks that can evakiatéettiveness of

new algorithms.

7.1 Lessonslearned

The definition of performance is unique under interactive systems finttisa
decided by users’ perceptions, not by an easily quantifiable metric subinoaghput.
The key to improving user-perceived performance is the elimination of instance<im whi
the user experienced unexpectedly long response time.

Conventional performance measurement and tuning methodologies are smst eff
tive in improving a system’s average-case behavior but are ill-equippedlyze cases in
which the system fails to provide expected performance. To diagnose starimpace
problems, we must monitor the dynamic behavior of the system in mucldétar than
we do using ordinary benchmarks. We must collect information that enesbie®xamine
every performance-critical decision that the system makes.

For a long time, we have been relying heavily on throughput-based benchmarks
and have tuned systems to improve throughput. These techniques are siilbigseto
improving average-case performance. However, the popularity of singleniseactive

systems, such as those based on GUI, has made user-perceived peefonm@nicnpor-
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tant than ever. We must recognize that uncommon cases that Haweffitt on overall
system throughput or average-case performance are important detesnoinasér-per-
ceived performance, and we must begin using infrastructures suchME TdaReliminate

the infrequent performance problems that irritate users.

7.2 Futurework

One of the most obvious extensions to this work is introducing the infrastuo
enable measurement of operations that rely on the services okrsargers. Doing so
involves running a TIPME-like monitoring system on the remote seneridentifying
and collecting information that enables us to associate theallteted on the server side
with latency observed on the client side. Another is the automatiosimpdification of
the measurement and analysis procedure such that a reasonably eggarsamecan use
the infrastructure to collect performance data and a reasonably teminpemputer engi-
neer can carry out the analysis. We envision using infrastructuresasuthis during a
beta-test phase of operating system development. We would distributeratingpgys-
tem along with this infrastructure to collect the performance probleaadiat use them to

remove performance problems that conventional measurement techniques overlook.

73 Summary

This thesis proposed and demonstrated a measurement methodology designed to

aid the improvement of user-perceived performance by analyzing and collestiaugces
in which the user found system performance unacceptable. Using this metyodod

determined the exact causes of two such problems. The causes of theseapedqrob-
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lems were not due to the lack of raw processing power of the spstesue to correctable

software problems.
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