6 Reducing the Burden on Users

Translucent caching must carefullybalance the cost it imposes on the user with the benefits it ofers. In designing the CodaConsole interface, I tried to reduce the burden placed on users wherever possible. The burden oftranslucent caching largelyarises from occasions when the systemrequests advice. In particular, users are burdened bythe need to define tasks and bythe need to advise about network usage. Iftranslucent caching requires its users to focus too much oftheir attention on managing the file cache, their productivitywillsufer˙a situation that is clearlynot our goal. I employthree techniques to reduce the burden oftranslucent caching.

Two ofthese techniques reduce the burden required to define tasks and, more generally, to maintain the hoard database. One technique allows the systemto automaticallyproduce hoard profiles for programs in which the user has indicated an interest. It reduces the burden bylessening the amount ofdetailthe user must provide. Another technique allows the systemto ofer advice to users regarding their task definitions. It reduces the burden byidentifying mistakes in the userś hoard profile. The remaining technique reduces the number ofoccasions for which Venus requests advice. It models user patience in an efort to automate the process ofdetermining whether or not to fetch an object over a weak network connection. In this chapter, I present each ofthese techniques.

6.1 Hoarding Programs Automatically

One burden imposed bythe originalCoda systemwas the need to produce hoard profiles for programs. Users created these profiles with the aid ofa primitive toolcalled spy(as described in Section 2.3.3 ). The spytoolsimplyrecorded allCoda references made during its execution. One problemwith the toolarose because anyprocess, not just the one on which the user was attempting to spy, could have made the observed references.

Sorting out the references was the userś job. Another burden arose because, after generating the list ofreferences, the user then had to post-process that list (using a procedure that assumed knowledge ofCoda file identifiers) to create a profile acceptable to the hoard tool(see Section 2.3.2 ). Users managed the resulting profiles byhand, updating themoccasionallyas new requirements were discovered. Unfortunately, new discoveries were typicallythe result ofa disconnected or weaklyconnected cache miss.

Thus, the first technique, used to reduce the burden that translucent caching places on users, focuses on the problemofidentifying files on which programs depend. The goal is to automate the process ofgenerating programprofiles. It reduces the burden that hoarding, and thus translucent caching, places on the user because it takes over a task that was originallythe userś responsibility. Further, it improves the accuracyofthe generated programprofile because it monitors the programcontinuously. Thus, the automatic monitor can identifyreferences that the user might have missed because the program accesses the file onlyunder certain, infrequent conditions. In this section, I willpresent the design and implementation ofthe automatic program reference monitor .

6.1.1 Design Requirements

The basic design for the automatic programreference monitor requires the systemto observe everyCoda reference made byvarious programs executed byindividualusers, and to do so continuously. The monitor should also distinguish references made to ^program data~ fromthose made to ^user data~, maintaining information onlyabout programdata.

(Programdata includes font files, style files, and mode files; user data includes source files.) This requirement allows programprofiles to be used bymanydiferent tasks because it means that theydo not depend upon an individualexecution ofthat program.

Because the system is monitoring everyreference users make, we must be carefulto maintain the userś privacy. Users should not be given information about what files or programs another user accesses. For this reason, I limit the distribution ofreference logs to onlythe user generating the originalreference. Sharing ofprogramprofiles is not explicitlysupported bythe interface, though users can do so externallybygiving other users access to the files that contain this information.

Further, because monitoring occurs on everyfile systemrequest, we must be carefulto maintain the systemś eficiency. Whatever monitoring the system introduces, it must be fast because it occurs on the criticalpath ofeveryfile systemrequest and willhave a direct impact on the resulting systemś performance.

6.1.2 Instrumentation

An important goalfor the automatic programreference monitor was to support continuous monitoring. Continuous monitoring ofers a significant advantage to the user.

It allows the systemto automaticallydetect the need for files that are referenced only infrequently, reducing the likelihood ofcache misses. However, continuous monitoring risks serious performance degradation. For this reason, it became a primaryconsideration in the implementation. The system minimizes the burden such monitoring places on Venus byasking Venus to do as little work as possible and byrequiring the Advice Monitor to pick up the burden.

Continuous monitoring requires Venus to informthe Advice Monitor ofeveryfile reference, specifying which program made the reference. The obvious design for such a

Hoarding Programs Automatically 77

Figure 6 . 1 : Reference Log Fragment

This figure shows a fragment of a reference log. A reference log contains two different types of entries. One type of entrycontains the name and process group identifier of the executable making references to the Coda file system. The first line of this log fragment shows an example of such an entry, in this case for gnu-emacs . The other type of entrycontains the file identifier of a Coda file object as well as the process identifier and process group identifier of the process making the reference. As seen in this fragment, the gnu-emacs process (process group identifier 4471) referenced two file objects (to

<7f000259.246.23a> and <7f000259.136a.3ad> ) before being inter rupted bythe gmake process (process group identifier 4536).

systemwould extend the API byone additionalcallthat would informthe Advice Monitor ofthese references. Upon receiving such a call, the Advice Monitor would record that the given programreferenced the specified file. This design, although simple, imposes too great a burden on Venus. It adds a localRPC callto the criticalpath ofeverysingle file reference made bythe user. For this reason, mysystembatches these requests and periodicallyships a group ofthemto the Advice Monitor.

6.1.2.1 Venus Contribution

To support automatic programmonitoring, Venus must record everyreference and identify the programmaking that reference. Thus, when an Advice Monitor begins running, Venus opens a reference log. For each subsequent file reference, Venus outputs an entry containing the file identifier referenced as wellas the PID (the Unix process identifier) and

PGID (the Unix process group identifier) ofthe process making that reference. In addition, it must record the name ofthe program making the reference because that program may exit before post-processing begins. Periodically, Venus starts a new log and then signals the Advice Monitor.

A fragment ofa reference log is shown in Figure 6 . 1 . This log records that the gnuemacs program(with PGID = 4471) referenced two files with Coda FIDS of

<7f000259.246.23a> and <7f000259.136a.3ad>. Then, the gmake program(with

PGID =

4536) referenced the file with FID <7f000259.246.23a>. After that, the gnu-emacs programbegan executing again and referenced <7f000259.246.23a> again.

gnu-emacs 4471

<7f000259.246.23a> 4471 4471

<7f000259.136a.3ad> 4471 4471

gmake 4536

<7f000259.246.23a> 4536 4536

gnu-emacs 4471

<7f000259.246.23a> 4471 4471

.

.

.

Venus exploits localityofreference bymaintaining a record ofthe most recentlyactive

programand its process group. It onlyoutputs the name ofthe active programwhen the

PGID ofthe current reference difers fromthat ofthe previous reference.

The beautyofthis design is its simplicity. It exploits the standard I/O bufer, byusing

fprintf(), to avoid adding too much overhead to the criticalpath ofservicing file

references. Periodically(currentlyevery1000 references), a file reference must paythe

cost ofa localRPC callto informthe Advice Monitor that a reference log is available for

post-processing. For allother file references, the overhead imposed bycontinuous

programmonitoring is the cost ofa fprintf() to the reference log file and, ifthe PGID difers

fromthe previous PGID

, the cost ofdetermining the name ofthe currentlyactive program.

The overhead imposed bythis monitoring as wellas the monitoring required for providing

advice to users, which is discussed in the next section, is small. To estimate this overhead,

I performed a simple experiment that compares the time required to compile the Coda

cache manager with and without the CodaConsole interface running, as calculated based

upon the average of five compiles. This simple experiment showed that the overall

overhead was less than 7%. (Without the interface, the compile took an average of378

seconds; with it, the compile required 403 seconds.) Because the overhead was low, I did

not performa more involved experiment to determine the contributions ofindividual

components ofthe interface.

6.1.2.2 Advice M onitor Contribution

The Advice Monitorś job begins once Venus signals that a reference log is available.

Once this event occurs, the Advice Monitor wakes the ProgramLogHandler thread.

This thread examines the log for references made byprograms under watch . A program is

said to be under watch ifit is included in a task definition (see Section 4.10 ). Note that

this includes programs contained in anytask definition, including those not currently

hoarded. The rationale for this decision is simplythat the user has indicated an interest in

this programand could hoard it at anytime. We want to have built a good profile prior to

the point at which the user needs it.

As described in the previous section, the reference log contains two types ofentries. The

first type identifies the active program. The second type identifies both the referenced file

and the programresponsible for making the reference. As the Advice Monitor post-

processes a reference log, it maintains a record ofthe currentlyactive programand

whether it is under watch. Ifthe currentlyactive program is not under watch, then any

references it made are skipped. If, however, the currentlyactive program is under watch,

then the Advice Monitor ensures that allsubsequent references to program data , omitting

duplicates, have been recorded in the programś profile.

The Advice Monitor distinguishes programdata from user data using a simple heuristic

that exploits the logicalstructure ofthe file system. This heuristic recognizes that users

typicallyunderstand the layout ofuser and project volumes that theyuse, whereas they

typicallydo not understand the layout ofprogramvolumes that theyuse. Thus, ifthe user

includes a file or directoryin a data definition (see Section 4.10 ), then the Advice Monitor considers alldata stored in the volume owning that file or directoryto be user data. Any

references to volumes not considered user data are deemed programdata and willbe

recorded in the programś profile.

This distinction between programdata and user data is a keypropertyofautomatic

programhoarding. It allows users to reuse programdefinitions in diferent tasks. For

instance, ifmyAdvice Monitor created a programprofile for latex while I was writing a

paper to submit to a conference, I can feelconfident in reusing that programprofile in a

definition to support writing a workshop submission. The abilityto reuse programprofiles

in subsequent task definitions reduces the burden placed on users oftranslucent caching.

This technique is flexible in handling diferent logicalfile systemstructures as well. For

instance, suppose a diferent site places allprogrambinaries in a volume named

s.local.bin , all libraries in a volume named s.local.lib , and allfont files in a

volume named s.local.fonts . The heuristic would work equallywellfor this layout.

The limitation to this heuristic is its reliance upon a logical, volume-based structure. A file

systemthat does not support volumes would obviouslybe unable to exploit this heuristic.

However, as long as such a file systemhas a logicalseparation between user data and

programdata, then a similar heuristic should allow the systemto distinguish between the

diferent types of files. A file systemthat does not separate user data fromprogramdata

in anylogicalway, however, willbe unable to use this or anyother heuristic to make this

distinction. Its users willbe prevented fromreusing their programdefinitions, though they

willstillbe able to exploit automatic programhoarding to build profiles for individual

tasks.

6.2 Advising about Hoard Contents

A second technique, incorporated to help reduce the burden ofuser-assisted hoarding,

allows the systemto provide users with advice about their task definitions. The

presentation ofthis advice was introduced in Section 4.6.2 . Here, I willfocus on the

heuristics used to identifythose files and directories that should be brought to the userś

attention.

The heuristics take one oftwo forms. The first type identifies files that the user is not

hoarding, but probablyshould be. Heuristics ofthis first type identifyfiles that are

accessed infrequentlybut repeatedly, files that the user has successfullyaccessed during a

disconnected session but has not hoarded, and files that the user could not access during a

disconnected session because the file was not cached. The second type identifies files that

are currentlyhoarded, but probablyshould not be. These heuristics identifyfiles that have

not been accessed during recent disconnected sessions or that have been accessed

infrequentlyduring disconnected sessions.

In this section, I willbegin bypresenting each heuristic and the intuition behind it. I will

then brieflydescribe how the systemcollects the information necessaryto identifythese

files.

6.2.1 Heuristics

I willpresent the five heuristics used to identifyfiles that the user maywant to consider

adding or removing fromthe task definitions. These heuristics are allconceptuallysimple,

but identifyclasses of files that users have been known to forget.

Infrequent, but Repeated, Access ˙This heurisitic looks for files that are accessed

infrequently, but repeatedly, over long periods oftime. A good example ofsuch a file is

the .xinitrc file. This file is used everytime the user starts X. After starting X, the

user is unlikelyto access this file again for days, or even weeks. This usage pattern makes

the .xinitrc file a prime target for replacement, unless the user has included it in a task

definition. Unfortunately, because it is accessed indirectlybya program, it is also an easy

file for users to forget. Thus, this heuristic analyzes the userś reference stream

specificallylooking for files that are accessed infrequently, but repeatedly, over a long

period oftime. It extends the horizon bymaintaining information about files that are

replaced fromthe cache. This heuristic mayidentifyobjects identified bythe unlucky

reference heuristic (below) ifthe object experiences a cache miss, but can identifysuch an

object even ifit does not. Further, this heuristic will identifyfiles whose prioritymayneed

to be increased as wellas files that simplyneed to be included in a definition.

Unlucky Reference ˙This heuristic identifies files that experienced a cache miss.

Although this is an obvious heuristic, it serves to remind users of files that theymaywant

to add to their task definitions. It relies on localityofreference: ifthe user attempts to

access a file, she is likelyto access it again in the future. Specifically, this heuristic

identifies allfiles which experienced cache misses, while the CodaConsole was running,

since the last time the interface ofered the user advice.

Lucky Disconnected Reference ˙This heuristic analyzes the userś reference stream

looking for files that were accessed during a disconnected session, but for which the user

has not included in a task definition. Such files were successfullyaccessed during

disconnected operation bysimple good fortune. Had other references caused the file to be

replaced, the systemwould not have known to refetch the file in preparation for

disconnected operation. This heuristic identifies allcached, but unhoarded, files accessed

during anydisconnected session. As above, this heuristic assumes localityofreference.

Infrequent Disconnected Use ˙This heuristic identifies files that are used only

infrequentlyduring disconnected sessions. Specifically, it identifies files that have been

used in fewer than 50% ofdisconnected sessions, though this value should eventually

become a user-configurable parameter (see Section 9.2.2.1 ). These files are ones included

in a task definition, but for which it appears that inclusion is unnecessary. Such files may

have been heavilyused for a period oftime, but are now no longer needed and thus can be

removed. Their inclusion maybe taking cache space awayfromfiles that have a lower

priority, but that are used more frequently. This heuristic brings this anomalyto the userś

attention.

Ancient Disconnected Use ˙This heuristic identifies files that have not been used during

the two most recent disconnected sessions, though this number willeventuallybecome a

user-configurable parameter (see Section 9.2.2.1 ). As in the previous heuristic, these files

have an augmented priority, but theyappear not to need the increased priority. These files

maybelong to a project that has been finished, but whose tasks have not been removed.

Once again, their increased prioritymaytake cache space awayfromlower priorityobjects

that are used more frequently.

6.2.2 Instrumentation

Each ofthe heuristics described in the previous section depends upon statistics gathered

during use ofthe system. In this section, I willbrieflydescribe how I instrumented Venus

and the Advice Monitor to gather these statistics.

6.2.2.1 Replacement Statistics

The instrumentation necessaryto collect the statistics supporting the infrequent, but

repeated access heuristic is complicated bythe fact that these objects maynot be

referenced again before theyare replaced (e.g., the .xinitrc file). Thus, the data

necessaryto identifythis class of files must persist across cache replacements. The basic

strategy, then, is to maintain a smallamount ofinformation about previouslycached

objects.

The intuitive design to support this data collection would be to augment the data

structures internalto Venus to allow Venus to maintain ghost entries for previouslycached

objects. Unfortunately, this design sufers froma fundamentalproblem. IfVenus were to

maintain this information, it would need to store it in recoverable virtual memory(RVM).

Even though the amount ofinformation stored for each previouslycached file maybe

quite small, the number ofpreviouslycached files is likelyto be large enough that the

overallstorage requirement would overwhelmVenus´ modest RVM resources.

The actualdesign, similar to that employed byautomatic programhoarding above,

requires Venus to log data about each file systemobject that it replaces. This data

contains the Coda file identifier ofthe object as wellas indications ofwhether the status or

the data (or both) were replaced. Periodically, Venus starts a new log and then signals the

Advice Monitor that the old log is available for post-processing. The Advice Monitorś

ReplacementLogHandler thread post-processes this data, building a database

containing the pathnames ofreplaced objects and counts ofthe number oftimes their

status and data have been replaced. Once an objectś status or data has been replaced 10

times, the object is brought to the userś attention.

This revised design places the responsibilityfor collecting the data on Venus and the

responsibilityfor maintaining the data on the Advice Monitor. It minimizing the amount

ofefort required to collect the data, since that efort is likelyto be on the criticalpath for

servicing file systemrequests. In fact, the overhead ofthis data collection is small, as was discussed previouslyin Section 6.1.2.1 . The burden ofmaintaining the data falls to the

Advice Monitor, which is the appropriate place froma software engineering perspective.

The data is stored in a database that is stored on the localdisk rather than in Venus´ RVM

space. Overall, the revised design is far superior to the intuitive design while remaining

functionallyequivalent.

6.2.2.2 Cache M iss Statistics

The instrumentation necessaryto collect the statistics supporting the unlucky reference

heuristic is straightforward. Each time Venus triggers a cache miss queryduring

disconnected, weaklyconnected, or read disconnected operation (see Sections 4.6.1.1 ,

4.6.1.2 , and 4.6.1.3 , respectively), the interface keeps track ofthe pathname. On demand,

the interface can generate a list of files that the user attempted to access, but for which

Venus did not have cached data.

6.2.2.3 Disconnected Usage Statistics

The next three heuristics ( lucky disconnected reference , infrequent disconnected use , and

ancient disconnected use ) relyon the userś disconnected behavior. To support these

heuristics, I had to instrument Venus to collect disconnected usage statistics. Each time a

volume transitions to disconnected operation, it records the current reference count in

RVM. When a file is accessed during the disconnection, its last reference record is

updated automatically. Upon reconnection, Venus first determines whether or not the

disconnected session was eligible . Eligibilitydepends upon whether or not the user made

anyreferences during the period oftime the volume was disconnected (i.e., ifthe current

reference counter is higher than the disconnected reference counter). Ifthe disconnected

session is not eligible, then the user did not use anyobjects fromthis volume so the system

does not collect statistics about this session. Ifthe disconnected session is eligible,

however, then Venus examines everycached object fromthe reconnected volume and

compares its last reference record to the reference count at the point ofdisconnection. If

the last reference count is higher than this value, the object was used during the

disconnected session; otherwise it was not.

Informing the Advice Monitor ofthese statistics upon reconnection would involve a

substantialamount ofdata. To avoid a substantialperformance penalty, Venus produces

these statistics onlyupon demand. When the Advice Monitor requests disconnected usage

statistics, Venus generates a list ofcached objects meeting certain disconnected usage

criteria. These data are then used to identifyobjects for the lucky disconnected reference,

infrequent disconnected use , and ancient disconnected use heuristics as described in

Section 6.2.1 .

Modeling User Patience 83

6.3 Modeling User Patience

During the course ofweaklyconnected operation, the system mayencounter situations in

which a file referenced bythe user is not available in the cache. At times, that file maybe

important enough that the user is willing to wait a substantialamount oftime for it to be

fetched; at other times, the user maynot be willing to wait long at all. Ideally, the system

could distinguish those files for which a user is willing to wait fromthose for which she is

not. I hypothesize that I can modelthis user patience and that this modeldepends upon

just two things:

1. The importance ofthe file

2. The expected fetch time

Ifthe systemwere able to predict the userś willingness to wait with reasonable

confidence, it could reduce the frequencywith which it requests advice during weak

connectivity, therebyreducing the burden oftranslucent caching.

I callthe maximumtime that a user is willing to wait for a particular file the userś

patience threshold (

W ) for that file. This threshold depends criticallyupon how important the user perceives that file to be. For a veryimportant file, the user is probablywilling to wait manyminutes. Because user perception ofimportance is the notion captured bythe hoard priority, P, ofan object, I posit that W should be a function ofP. At present, I amnot aware ofanydata that could be the scientific basis for establishing the formofthis relationship. Hence, I use a function based solelyon intuition, but have performed some analysis to determine appropriate parameter values and have also structured the implementation to make it easyto substitute better functions as theyare discovered.

6.3.1 Proposed Model

I conjecture that patience is similar to other human processes, such as vision, that exhibit logarithmic sensitivity [9] . This suggests a relationship ofthe form

P e

J

E

D

where

E and

J are scaling parameters and

D represents a lower bound on patience. I chose

parameter settings based on their abilityto yield plausible patience values for files

commonlyfound in the hoard profiles ofCoda users. I use the values

D �

E � and

J � , based upon the analysis presented in the following section.

Figure 6 . 2 illustrates the resulting modelofuser patience. Rather than expressing W in terms ofseconds, I have converted it into the size ofthe largest file that can be fetched in that time at a given bandwidth. For example, 60 seconds at a bandwidth of64 Kb/s yields a maximumfile size of480 KB. Each curve in this figure shows W as a function of

P for a given bandwidth. In the region below this curve, cache misses are transparently handled and pre-approvalis granted automaticallyduring hoard walks.

84 Reducing the Burden on Users

This curve predicts that users would be willing to wait indefinitelyfor suficientlylarge files. Clearly, this is not true. HCI researchers have found that delays beyond approximately15 seconds are disruptive [48] . For this reason, anydelaygreater than 15 seconds is automaticallypresented to the user. Thus, the function employed byVenus is

) , 15 min( P e J E D W � .

The user patience model is the source ofadaptivityin cache miss handling. It maintains usabilityat allbandwidths bybalancing two factors that intrude upon transparency. At verylow bandwidths, the delays in fetching large files annoyusers more than the need for interaction. As bandwidth rises, delays shrink and the interaction becomes more annoying.

To preserve usability, the model must handle more cases transparently. In the limit, at strong connectivity, cache misses are fullytransparent.

0

2

4

6

8

10

0 100 200 300 400 500 600 700 800 900 1000

Hoard Priority

Size (MB)

2 Mb/s

64 Kb/s

9.6 Kb/s

Figure 6 . 2 : User Patience Model

This figure shows the user patience model. The X-axis shows the hoard priorityof an object. The Y-axis shows the size of the object. Parameter values for this figure were

D

= 6,

E = 1,

J = 0.01. Each curve represents a different network bandwidth. The area belowthe curve represents those objects that will be fetched automatically; the area above the curve represents those objects that require user intervention before being fetched. For example, at 9.6 Kb/s, most high priorityobjects are fetched regardless of size, but onlyverysmall objects with lowprioritywill be fetched automatically. At 2

Mb/s, however, even a 1-MB file with a priorityof 0 will be fetched automatically.

Modeling User Patience 85

6.3.2 Exploring the Parameters

The accuracyofthe patience threshold depends upon its parameters ( D , E , J ) and upon its argument (P). I begin this section with a briefdiscussion ofthe argument, and then examine each ofthe modelś parameters.

6.3.2.1 Priority (P)

The argument to the function is the priorityofthe object to be fetched. The user indirectly assigns this prioritywhen requesting that a task be hoarded using the window shown in

Figure 4 . 15 . These priorities range from1 to N (the number ofhoarded tasks), where 1 is the highest prioritytask. Fromthese user-assigned priorities, the system must assign hoard priorities meaningfulto Venus (in the range from1 to 1000).

The obvious strategyfor performing this translation would be to space out the hoard priorities evenly. This strategyhas two important features: its ease ofimplementation and its abilityto handle up to 1000 hoarded tasks. An unfortunate consequence, however, is that, as N increases, tasks become dificult for Venus to distinguish because the hoard priorityofan object is but one component ofits overallpriority(see Section 2.2.2 ).

The strategyI used, instead, spreads high prioritytasks at the cost ofcompressing low prioritytasks. Byspreading high prioritytasks, I improve the odds that Venus can ultimatelydistinguish between files belonging to diferent high prioritytasks, and thus allow Venus to make more intelligent caching decisions. This abilitycomes with a cost, however. Bycompressing low prioritytasks, I decrease the odds that Venus can distinguish between files belonging to diferent low prioritytasks.

In efect, this strategyincreases Venus´ abilityto distinguish high prioritytasks at the cost ofdecreasing Venus´ abilityto distinguish low prioritytasks. This trade-ofis important for two reasons. First, this trade-ofassumes that the diference in importance between tasks prioritized 1 st and 2 nd bythe user is generallyhigher than the diference in importance between tasks prioritized 31 st and 32 nd . Second, it increases the probabilitythat allfiles belonging to a task with priorityA are cached in preference to anyfiles belonging to the task with priorityA+1, for values ofA near 1. 18 Because ofVenus´ prioritized cache management algorithm, objects with lower hoard priorities can, under certain circumstances, be cached in preference to objects with higher priorities. 19 Spreading the hoard priorities ofthe most important tasks makes this situation less likelyto occur with these tasks.

Although this strategyreduces the number ofunique tasks from1000 to 88, this is still manymore than a user is likelyto need. The highest prioritytasks are separated bya distance of200; the lowest prioritytasks are separated bya distance ofonly1. To spread

18 Because of the trade-off, this probabilitydecreases as A increases.

19 These circumstances require that the user has accessed the lower priorityobjects more recently. For this to happen, the reference priority component of the overall priorityoverwhelm the hoard priority component. Please refer to Section 2.2.2 for further details regarding Coda´s prioritized cache management.

the assigned priorities, I employthe Fibonaccisequence. The number ofelements spread byN points is Fib(i), as N decreases from200 and i increases from1. Thus, there is one gap of200 priorityunits, one gap of100 priorityunits, two gaps of50 units, etc. Ifthe user hoards more than 88 tasks, the additionaltasks are allassigned the same low hoard priorityand are, thus, indistinguishable fromone another fromthe perspective ofVenus.

This distribution is summarized in Figure 6 . 3 .

The use ofthe Fibonaccisequence is not criticalto this strategy. The domain ofthe function (the userś priorities) must be the set ofintegers. The range ofthe function

(Venus´ hoard priorities) must be the set ofintegers from0 to 1000. The mapping ofuser priorities to hoard priorities should be a nonincreasing, nonlinear function. The nonlinearityshould spread lower values ofthe domain further apart than higher values of the domain, up to a point. Beyond that point, allvalues ofthe domain can map onto a single (low) value ofthe range. Anyfunction with these characteristics should sufice. I use the Fibonaccisequence described above for its simplicity. Numerous alternatives, including exponential, inverse quadratic, and Zipfdistributions, could work equallywell.

6.3.2.2 Theoretical Lower Bound (

� SRT t m,

Figure 6 . 5 : Operators of the Keystroke-Level Model

The H , M , P , and R operators and their time estimates are defined in Chapter 8 of

Card, Moran, and Newell [7] , as modified byKieras [21] . The B operator is defined by

Kieras. Homing to a keyboard pointing device is assumed to be equivalent to moving a finger from one keyto a neighboring keyand is derived from Equation 2 of [16] . The time estimates for the R operator were measured from the interface mockup and appear in Figure 6 . 6 , parameterized bythe type of response time and the machine on which it was measured.

Modeling User Patience 89

SystemResponse Time (s)

Type Description Laptop Desktop

A-cold Advice Indicator

ˇ 1.21 1.14

A-warm Advice Information Window 0.79 0.68

B-cold Advice Information Window ˇ 0.19 0.24

B-warm Weak-miss Query Window 0.16 0.17

Figure 6 . 6 : Measured System Response Times

The time measurements were obtained via the time facilityprovided byTcl/Tk [56] .

I performed 7 trials under each condition on each machine. The measurement reported

represents the mean of 5 trials (high and low were thrown out). The cold measurements

represent the time necessaryto bring up the windowfor the first time. The warm

measurements represent the time necessaryto bring up the windowfor the second time.

The measurements for response time B required that I modifythe code slightlyto return

immediatelyafter displaying the querywindowto the user. (Otherwise, the

measurement would have included the delaycaused bythe user answering the question.)

The measurements for the Desktop were taken on a DECstation 5000/200 running Mach

2.5. The measurements for the Laptop were taken on an IBM Thinkpad 701c (75 MHz

i486-based machine) also running Mach 2.5. The interface was otherwise idle. The

machine was running multi-user, on the network, and with the standard complement of

system daemons. A single user was logged in and running X windows; that user was

inactive except for the actions necessaryfor obtaining the measurements.

`G´, `H´, and `B´ keys ofa QWERTY keyboard. Two buttons, located below the space

bar, serve the same purpose as the left and right mouse buttons. The two configuration

options I consider are whether or not the user has configured the weak-miss queryto pop

up a window on the monitor. The models for the four cases appear in Figures 6.7˘6.10.

Consider Method #1, shown in Figure 6 . 7 . For this method, I assume the user is using a

mouse and has configured the interface not to pop up the weak-miss query. This method

contains a totaloftwelve steps. It is invoked when the user notices that the interface has

turned the Advice indicator red. The user decides to investigate and begins byreaching

for the mouse (I assume the user was interrupted froma typing activityso that her hands

are initiallyhovered over the keyboard), pointing to the Advice indicator, and double-

clicking the left button. The two mentaloperators normallyrequired to point the mouse

and to double-click a button have been anticipated bythe home-to-mouse operator and

have thus been eliminated [7] .

Once the systemhas displayed the Advice Information window, the user points to the

Weak Miss entryand double-clicks the left button. The mentaloperator required to point

at the entryis eliminated because it could be anticipated and is therefore assumed to have

occurred concurrentlywith the systemresponse time. Further, the mentaloperator

required to double-click the mouse was anticipated bythe previous point operator.

Once the systemdisplays the request, the user must make a decision 21 , point to her choice,

and then click the left button. The first mentaloperator cannot be eliminated nor can it

overlap with the systemresponse time, because the information necessaryto make the

decision is not available untilthe window has been displayed. The mentaloperator

preceding the button click, however, is fullyanticipated bythe previous point operation.

Once the user has completed the request, she returns the cursor to her work area and

moves her hands back to the keyboard. The mentaloperator preceding this pointing

action is not eliminated because I assume she verifies that she has, indeed, completed all

necessaryadvice activity. Note that the modeldoes not consider the time required to

close the Advice Information window because such an action is not strictlynecessary. If

the modelwere to include this action, the time estimate would increase by1.3 seconds

( MPBB inserted prior to the ^Point to Previous Window~ action with the mentaloperator

in the following action eliminated).

Because the other three models (shown in Figures 6.8-6.10) are similar, I willsummarize

their diferences fromthis first model, but I willnot discuss each ofthem in detail. The

onlydiference between the two pointing device models is the amount oftime required to

home to the pointing device. In the case ofa mouse, the user must move a hand fromthe

keyboard to the mouse. In the case ofthe keyboard-pointing device, the user must move

User Action KLM Operator

Notice Indicator Light M

Reach for Mouse M H [mouse]

Point to Indicator Lights M P [indicator]

Double-click Left Button M BBBB [left]

SystemResponse Time A R [A-cold, desktop]

Point to Advice Information Window M P [advice]

Double-click Left Button M BBBB [left]

SystemResponse Time B R [B-cold, desktop]

Point to Command MP [command]

Click Left Button M BB [left]

Point to Previous Work Window MP [wor k]

Reach for Keyboard M H [keyboard]

s t t t t t t T R R P H B M execute M second 18 . 11 4 2 10 3

2 1

� �

¨ � ¨ � ¨ � ¨

Figure 6 . 7 : Method #1˙Desktop without Popup Query

Operators shown in light graywere eliminated byRule #1 of the Keystroke-Level

Model. The one shown in dark grayoccurred concurrentlywith the preceding system

response time. (Although this M operator should theoreticallytake longer than the

system response time, the system response time takes longer in practice.)

21 I do not include the time necessaryfor the user to make this decision in mymodels because I assume

that it is identical in each of the four cases.

Modeling User Patience 91

User Action KLM Operator

Notice Indicator Light M

Reach for Mouse M H [point]

Point to Indicator Lights M P [indicator]

Double-click Left Button M BBBB [left]

SystemResponse Time A R [A-cold, laptop]

Point to Advice Information

Window

M P [advice]

Double-click Left Button M BBBB [left]

SystemResponse Time B R [B-cold, laptop]

Point to Command MP [command]

Click Left Button M BB [left]

Point to Previous Work Window MP [wor k]

Reach for Keyboard M H [keyboard]

s t t t t t t T R R P H B M execute P second 46 . 10 4 2 10 3

2 1

� � ¨ � ¨ � ¨ � ¨

Figure 6 . 8 : Method #2˙Laptop without Popup Query

User Action KLM Operator

Task Interruption M

Reach for Mouse M H [mouse]

Point to Command MP [command]

Click Left Button M BB [left]

Point to Previous Work Window MP [wor k]

Reach for Keyboard M H [keyboard]

s t t t t T P H B M execute M second 8 . 6 2 2 2 3¨� ¨ � ¨ � ¨

Figure 6 . 9 : Method #3˙Desktop with Popup Query

User Action KLM Operator

Task Interruption M

Reach for Mouse M H [point]

Point to Command MP [command]

Click Left Button M BB [left]

Point to Previous Work Window MP [wor k]

Reach for Keyboard M H [keyboard]

s t t t t T P B H M execute P second 08 . 6 2 2 2 3¨�¨ � ¨ � ¨

Figure 6 . 10 : Method #4˙Laptop with Popup Query her index finger froma keyboard keyto the pointing device. 22 Homing a finger to the

keyboard-pointing device is assumed to be equivalent to moving a finger fromone keyto

a nearbyone. The totaltime diference between these two conditions is approximately0.7

seconds.

Note, however, that the assumption that the onlydiference between these pointing

devices is their homing time is a simplification. Researchers comparing the performance

ofpeople using these devices to performance using mice have reported mixed results. An

earlystudyshowed that, for pure pointing tasks, the pointing stick is 20-25% slower than

a mouse [4, 43] . Research has also shown that, for intermixed pointing and keyboard

tasks (such as the one under discussion), the keyboard pointing stick is actuallyfaster than

a mouse [43] . Unpublished studies show that, for more recent keyboard-pointing devices,

experienced users come within 5% ofmouse performance. Myassumption that the main

diference between the keyboard-pointing device and the mouse is in its homing time

reflects the fact that the task in question is a mixed pointing and keyboard task, and that

the user is experienced with the device in question.

The diferences between the two configuration options are more substantial. In the case

ofthe no-popup option, the user must first open the Advice Information window and then

open the advice request window. Neither ofthese activities is required ofthe popup

option since the systemautomaticallyopens this window for the user. The models

comparing these two options predict that this change in event configuration makes a

diference ofmore than 4 seconds in the time required to complete the questionnaire.

The time required to answer the weak-miss query, depending upon pointing device and

configuration options, ranges from6 to 11 seconds. The models show that the time

required changes onlyminimallybased upon the choice ofpointing device, but quite

substantiallybased upon the configuration ofevents. Because ofthis disparity, the default

value for D is 6 seconds, but the CodaConsole increases this value to 11 seconds when the

userś event configuration is set to not pop up this query.

6.3.2.3 Sensitivity Analysis of

E and

J

The other two parameters to the user patience model, E and J , controlthe shape ofthe

curve. Figure 6 . 11 shows how changes to these parameters afect the model. As is

evident in these figures, decreasing the value of E from its default of1 or decreasing the

value of J from its default of0.01 flattens the curve. Similarly, increasing their values

sharpens the curve. The default values for each ofthese parameters were chosen so that

the modelwould yield plausible patience values for files and priorities commonlyfound in

the hoard profiles ofCoda users. To determine better estimates for those parameters, one

would need to verifythe modeland collect data regarding the patience ofusers in practice

(see Section 9.2.1 ).

22 The user must also move her thumb to the primarybutton (e.g. the equivalent of the left mouse button).

I assume this operation overlaps with the home to the pointing device and the subsequent movement of the

cursor.

Modeling User Patience 93

0

2

4

6

8

10

0 100 200 300 400 500 600 700 800 900 1000

Hoard Priority

Size (MB)

100

10

1

0.1

(a) Sensitivityto E

0

2

4

6

8

10

0 100 200 300 400 500 600 700 800 900 1000

Hoard Priority

0.005

0.0075

0.01

0.02

(b) Sensitivityto J

Figure 6 . 11 : Sensitivity to Changes in

E and

J

These figures showthe effect of changing the value of the

E� and