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Introduction

The goal of this study is to conduct a performance evaluation of the Virtual Microscope, a software system
employing a client-server architecture to provide arealistic emulation of a high power light microscope. The system
isrequired to provide interactive response times for the standard behavior of a physical microscope. These
behaviors include continuously moving the stage and changing magnification and focus. In addition, a software
solution can enable new modes of behavior that cannot be achieved with a physical microscope, such as
simultaneous viewing and manipulation of one slide by multiple users. The client software runs on an end user's PC
or workstation, while the database software for storing, retrieving and processing the microscope image data runs on
ahigh performance parallel computer, potentially at aremote site.
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Figure 1 - Virtual Microscope client browsing a dide

The main difficulty in providing the functionality of the Virtual Microscope is dealing with the extremely large
quantities of datarequired to represent alarge collection of dides. For example, using the digitizing microscope
currently available at Johns Hopkins, a single spot a a magnification of 200X produces a grid of 1000x1000 pixels.
We estimate that an array of 50x50 spotsisrequired to cover an entire dide, and each pixd isathree byte RGB
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color value. Under this scenario, one dideimage requires about 7 Gbytes. However, such an image captures only a
single focal plane, and many specimens will require capture of between five and thirty focal planes. Clearly thereis
an enormous storage requirement, and there are al so the attendant difficulties in achieving rapid response time for
various types of inquiries into the slide image database.

The Virtual Microscope is representative of alarger class of applications that involve browsing large
multidimensional datasets. Similar to database transaction processing, the clientsissue small requests for datato the
server. Thereply consists of data several orders of magnitude larger than the size of the request. Moreover, the
amount of data processed by the server in order to produce the response for the client can be much larger than the

reply.

For this study, we were interested in determining the number of clientsthat can be supported at varying quality of
service levels. One measure of quality of service for aclient isresponsetime. We are aso interested in the server
response rate (throughput) in MB/s or in TPS, and in determining the bottlenecks in the system in order to help usin
improving it. To achieve thisend, we designed amodel of the system and built asimulation of it.

In the case where several clients are accessing "smilar" regions of a dataset, a Proxy can be useful in reducing the
load on the server by making a single request to the server when multiple clients issue the same request. Another
benefit realized by the use of a proxy is atype of cooperative caching across different clients. From the point of
view of aclient, the proxy will appear to be a server, and from the point of view of the server, the proxy appearsto
be a client (albeit with higher demand for data).

System Design

Figure 2 shows the system modules and how they are interconnected. The clients are image browsers with which the
usersinteract. Theusersare able to select a dide and then navigate through it. After selecting adide, the user
receives a smaller version of the dide to use asan overview. The user chooses to view the data at one of several
available magnifications. The user has two ways to move through the dide. They can drag the view box across the
overview image. Alternatively, they can use the fine control buttons to move a small amount in any of the four

possi bl e directions, which incrementally moves the view box. Requests flow from the clients, in response to users
actions, to the server. When they use the control buttons, the client will only request the data that is not already
present, resulting in smaller requests.

Figure 2 - System Architecture

On their way to the server, requests may go through a proxy. The proxy then makes requeststo the server. The
proxy maintainsa cache of recently accessed data. If the proxy does not have the data cached and the proxy has not
already requested the data, arequest for it is sent to the server. It notes that the requestor is a consumer of that data
and forwards it upon receipt from the server. If another client has dready requested the data for the new request and
2
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the response has not yet arrived from the server, it is noted that the data has another consumer and when the
response isreceived, it isforwarded to all consumers. If the proxy has the data cached the request can be answered
on theclient’ slocal area network, avoiding the wide area connection to the server. We expect that these proxies will
play amajor rolein the scalability of the server, in the sense of the number of clientsit can Smultaneously support.

The server isdivided into a single frontend node that receives al the requests from clients, and a collection of
backend nodes running in parallel to retrieve and process the requested data. The frontend accepts requests from
clients. The frontend ordersthe requestsin some way and then sends them to the backend. The backendis
responsible for efficiently serving image data. In order to produce an image, the data hasto be read from disk and an
image of the specified magnification must be reconstructed. Once this has been done, the backend sends the data
back to the requestor [which can beaclient or aproxy]. Figure 3 depictsthe path of arequest through the various
components of the system.
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Figure 3 - Request flow through the system

Experimental Design

This section explains the process we used in performing this study. There are many parts to the system under sudy
and the performance of each of these components depends on the others to some extent. The interaction among the
components precludes the use of static modeling techniques because they would fail to estimate the dynamic
characterigtics of the system. So we relied on simulation for our sudy. Thehigh level procedure we used in
conducting this study is as follows:

1. Perform component level characterization studies, and generate performance histograms.

Gather user workloads using current Virtual Microscope implementation.

Analyze results of component and workload characterizations to find representative distributions.
Build an event driven simulation using the distributions.

Run simulationsto cover factor space.

o 0 A~ WD

Anayze and present results.

Parameters influencing performance

Thereisamultitude of factors affecting the performance of the Virtual Microscope. It is easiest to consider them
component-wise. They are enumerated in Table 1. Time and complexity constraints prevented al of these from
being used as factorsin our study (see Table 2).
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Client-related parameters

The number of clientsin the system will definitely affect the response time seen by each client and the utilization at
the proxy and the server. While the client request rate is aso an important parameter, we did not vary it for the
experiments. Ingtead, we characterized the request rate displayed in traces taken from the Virtual Microscope and
modeled thisfor our simulation. The size of the dataresult was not taken to be a parameter. Ingtead, a client was
considered to be capable of generating two types of requests -- large (3 Mbytes) and small (300K bytes). The
processing time for the client to combine the pieces of the answer returned by the server and thento display it is
another parameter that was not used as a factor. We merely modeled the current incarnation of the client for thisand
kept it constant.

Network-related parameters

Weingantiated no network parameters. Ingead we simply measured network delivery delay on large and small
requests on a LAN and aWAN with an ATM interconnect for most of the long-haul. We then used a smple model
of this delay in the simulation.

Proxy-related parameters

When we use a proxy, several parameterswould impact performance. Those that are most important from a
performance perspective, isthe cache size, cache replacement policy, and the probability of commonality between
clients. The probability of commonality ishow likely given client’ srequest has aready been requested by a sibling
client. Here sibling describes clients that share a common proxy. We both use and do not use a proxy, but most of
the proxy parameters described in Table 1 are not varied. We vary cache hit rate, which isan abstraction of the
other parameters. Thiswas not merely a choice to make the model easier, rather it was required dueto the
abstractions used for the client workload.

All of the proxy work isin-core. Disk I/O isnever used in the current implementation of the proxy. Asaresult, the
majority of the time spent processing requests involves cache lookups and socket communication. To model the
proxy, we instrumented the proxy, and benchmarked proxy performance on small and large requests. The
distributions for the various contral flow paths through the proxy were found to be very consistent and quite nicely
modeled by various standard distributions.

Server-related parameters

Weredlize that complex interactions happen within the server, especialy when it is serving multiple requests at the
sametime. However, due to time congtraints and the extreme compl exity of these interactions, we have decided to

simplify and treat it asa single black box. We benchmarked the service times for large and small requests and then
used that asamodel for smulation purposes.

Location in System | Name
Client Number of clients Size of dataresult
Client request rate (think time) | Processing performed
Proxy Used? Probability of commonality
Cachedze Cache replacement policy
Processing performed Overhead
Networ k Type of interconnect Load
Server Number of Disks Processing performed
I/O delays

Table1 - System Parameters
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Location in System | Name Levels
Client Number 1,248, 10,20, 30
Proxy Used Yes, No

Cachehit rate 0,0.25,0.5, 0.75, 1.0

Table 2 - Factor s affecting system performance

Workload Characterization

We characterize the workload as a stream of client generated requests.  The request stream is determined by the
requests and by the rate at which the client makes requests. A single request can be abstracted as the size and zoom
level of the data requested.

Since the Virtual Microscopeis currently in the prototype phase, workload characterization is extremely difficult.
For example, we cannot examine one of our driving scenarios -- that of a group of individuals browsing the same
didein an educational setting, where we can expect sufficient commonality across clientsto justify the use of a
Proxy. We were, however, ableto capture traces of a trained pathologist using the system. The user examined
several dides, thoroughly searching each dide for any abnormality, as they would with aphysical microscope. The
obvious problem hereisthat a Sngleton data point is hardly a case for genera arguments. Thuswe tried to correct
this flaw by abstracting out the pattern of use from the ingances we collected.

| 8 4 2 1
8 065 035 000 0.00
4 002 068 018 0.12
2 000 005 050 045
1 015 004 008 073

Table 3 - Probability transition matrix for zoom levels

Zoom | P(BMB)  P(300KB)

8 0.99 0.01
4 0.99 0.01
2 0.92 0.08
1 0.70 0.30

Table 4 - Probability of large and small requests

A client can request data a one of four zoom levels: 1, 2, 4, or 8. Zoom level 1 corresponds to the highest resolution
version of theimage; level 8 indicatesthelowest resolution.  We discovered that the previous level heavily
influences the zoom level to be chosen next. Table 3 describes the probability matrix used for choosing azoom
level, given the previous zoom level.

Originally, we hypothesized that the zoom leve of a given request could be used as a predictor variable for data size
of the current request.  The theory was that at |ower resolutions, the user would not use the fine-grain control
buttons, so all requestswould belarge. At high resolutions, fine-grain control would sometimes be used, resulting
in small requests. Whilethis seems to be reasonable, the pathologist who generated our traces never used the fine-
grained control. We decided to assume that he was a dightly atypical user and to consider our hypothesis as valid,
though the probabilities for creating small requestsis quite small, as shown in Table 4.

Based on a cursory examination of the traces, it was determined that zoom leve is correlated to the amount of time
until the next request. The time between two consecutive requests istermed think time. We noted that there was a
different distribution for the think times that occurred after each of the zoom levels (see Figure 4).
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Figure 4 - Client Think Times
Client

In our simulation, the client generates the workload that drives the entire system. Each client produces a stream of
requests and their aggregate is the system’ s workload. The end to end response time is measured from the point of
view of the client. In the execution timeline of the client we can identify four events of interest.

@) (4)
Request Display
r .
i T time
Request Generation Response
) ®)

Figure 5 — Event sequence
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When a user manipulates the interface to cause anew request to be generated, thisis a Request event (1). When the
client actualy sends arequest to a server, then Request Generation (2) has occurred. The Response (3) event
happens when the reply is completdly received by the client. Finally, the Display (4) event causes theimageto be
displayed in the client window.

Theinterval between (1) and (4) isthe latency we are interested in measuring. We do not consider the time between
(1) and (2), and set it to be zero for the experiments. Theinterval between (2) and (4) isthe servicetime. Service
timeisthen decomposed into two pieces: (2) to (3), which includes the communication costs, server processing
time, and in some cases, the proxy processing time and (3) to (4) which isthetime for the client to assemble the
server’ sresponse and then to display it.

From our traces, we obtained the display delays for the client. It was determined that the display time could be
considered normal. It was represented as the normal distribution N(1158.64, 174). A quantile-quantile plot of the
display timesis shown in Figure 6.

Quantile-Quantile Plot of Display Times
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Figure 6 - Quantile-Quantile Plot of Client Display Times

For the experiments, we varied the number of clientsin the system. The values considered were 1, 2, 4, 8, 10, 20,
and 30 clients. In the amulation, the client arrivals in the system are exponentially distributed. Once in the system a
client remains until it has made a fixed number of requests. Thiswas st to be 200 requests, and was chosen to
insure the system ran sufficiently long to get more steady state behavior. The clientsare initialized to appear asif
each had just finished processing arequest for the highest zoom level. From then on, the zoom level of the next
request is chosen randomly based on the previous request and the probabilities given in Table 3. Once the zoom has
been sdlected the size of the request is assigned randomly assigned based on probahilitiesin Table 4. Findly, the
time between requestsis chosen based on the distributions of Figure 4.

Network Experiments

The LAN isthe part of the system between the client and the proxy. We assume that any client and proxy that needs
to communicate will be on the same local areanetwork (LAN). Thewide area network (WAN) isthe part of the
system between the proxy and the server. The proxy determinesif there is any commonality in the requests sent by
the clients. If any commonality is found, then the proxy combines these requests before sending them to the server
so that the amount of data transfer is minimized.

We decided to conduct experimentsto determine the delay of the packets as opposed to obtaining traces and
analyzing them because the traces may not be representative of the problem at hand. We want the delay for packets
of certain sizes that correspond to request and replies of different sizes of queries.

We areinterested in the delay for packets of sizes equal to 100 bytes, 300 KB and 3 MB. A packet of 100 bytes
corresponds to the client request, a packet of size 300 KB correspondsto reply for a small query and a packet size of
3 MB correspondsto reply for alarge query.
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A benchmark program has been written which opens a TCP connection with a server and transfers a packet and
waits for the packet to come back from the server, The server just accepts the packet and echoes it. That the packet
itself might be fragmented in the process of sending is not taken into consideration because it isthe delay for the
entire packet that is of interest to us. Thetotal round trip time is measured once the packet comes back. Thisis done
because the clocks at the server and the client may not be synchronized.

LAN

Theresultsfor a packet size of 100 bytes are presented in Figure 7. It was observed that the delay takes a value of
975 microseconds with a probability of 0.9 and 1950 microseconds with a probability of 0.1. This experiment was
conducted between various pairs of machines. The number of trials for each runis 1000. All the runs were consistent
with one another.
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Figure 7 - Roundtrip delay for 100 bytesover LAN

When the packet size was increased to 300 KB, which correspondsto the reply for a amall request, it was observed
that the delay was a bit more non-deterministic. The delays were following a normal digribution. The number of
trialstaken is 1000. The number of buckets was 100000. This means that the delay was calcul ated at the resolution

of 100 microseconds. The peak value occurred at avalue of 0.9953 seconds. However, the mean of al the
observations occurred at a value of 0.94558 seconds. Thisis because the distribution is dightly skewed towards the
left. If this valueis chosen asthe mean of the normal distribution, the resultswill be distorted. Hence, the modeis
used asthe measure of central tendency and the standard deviation is computed taking the difference of the
observations with the mode. The standard deviation is equal to 0.005683 seconds when cal cul ated with respect to the
mode. So, the confidence interval of the mean at 90% confidence is [0.9950,0.9956] and a 95% confidenceitis
[0.99495,0.99565]. The results are shown in Figure 8.
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Figure 8 - Roundtrip delay for 300 KB on LAN

When the packet size was further increased to 3 MB, which correspondsto thereply for alarge request, the same
trend was observed. The number of trials taken is 100, which was reduced from 1000 asin the previous case, dueto
the time needed to send this much data 1000 times. The peak value occurred at 7.37 seconds whereas the mean was
7.531 seconds. The standard deviation is equal to 0.0307 with respect to the mode. We decided to approximateit to
anormal distribution with amean of 7.37 seconds and standard deviation of 0.0307 seconds. The confidence
interval for the mean at 90% confidence is[7.365,7.375] and at 95% confidence it is[7.364,7.376]. Theresultsare
shown in Figure 9.
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Figure 9 - Roundtrip delay for 3MB over LAN
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WAN

For the WAN, we measured delay between a computer in San Diego and the University of Maryland. This link may
not be representative of the actud Internet because the connection is partially a dedicated ATM link between the
University of Maryland and the San Diego Supercomputing Center. Thiswas decided to be a necessary assumption.
For the magnitude of data we are sending in the scope of the Virtual Microscope, and for the low delays needed with
interactive use, anything less than a reliable high-speed network would be unusable.

For a packet size of 100 bytes, the delay was very deterministic and we decided to represent it as a constant value of
0.71 seconds because it had avery small variation. We also expect that the delay of the request packet will not be a
major bottleneck in the overall performance. The results for this case are presented in Figure 10.
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Figure 10 - Roundtrip delay for 100 bytes over WAN

For a packet size of 300K B, the delay was observed to follow a pattern indicated in Figure 11. A large number of
packets had a roundtrip delay of around 3.75 seconds, but therewere alot of other packets that had considerably
higher delays. If thisismodeed by anormal distribution aswe did in the LAN, we would not be representing the
data accurately. Thisis because anormal distribution is symmetrical with respect to its mean and the values we
obtained are not symmetrically distributed. We could have divided the distribution astwo parts, one corresponding
to the values near to the mode and the other corresponding to the rest of the portion of the graph. But, the second
part of the graph does not seem to follow any known distribution. So, we decided to use the histogram itself in our
simulation. We have taken samples from the delay values and for n=1000, 10000 and 100000, the plots ook very
similar to theoriginal one. Theresults are for the original measurements are shown in Figure 11. The figures for the
sampled data are shown in the appendix.

10
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Figure 11 - Roundtrip delay for 300 KB on WAN
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For a packet size of 3 MB, the delay was observed to follow a pattern similar to what was observed for the previous

case with the peak occurring at avalue of 32.9 seconds. We decided to use the histogram in this case also. If we

used anormal digtribution instead, accuracy would be lost. Theresults are shown in Figure 12,

number of observations

18

16

14 -

12

10

L | il 1/

350 400
time(100000 microseconds)

450

Figure 12 - Roundtrip delay for 3MB on WAN

500

11



CSTR-3970 and UMIACS-TR-98-17

Proxy

Of all the components of the Virtual Microscope, the Proxy is the only part not understood enough to have areal
implementation currently in use. It representswork in progress, and was a motivating force behind this performance

study.

To do an in-depth study of the proxy, we would need to have a better characterization of system workload that
included measures of commonality present in the data. The cache policy used is dependent on the actua data
requested, so an abstraction of the workload may not work. 1n addition, commonality is closely tied to the actua
data requested in a multi-user situation, thus the limited nature of our traces prevents us from having this level of
detail in our characterization. In the cases we use a proxy, we assumed al clients connected to the proxy, and the
proxy had the only connection to the server. To limit the scope of the proxy model, the abstractions and assumptions
were introduced.

When a client data request arrives at the proxy, it is converted into a set of requests for contiguous blocks of the
dataset. The choice of block sizeis currently assumed to be 256KB each. Therequests for blocks needed are sent to
the data server, and the subsequent datareply isreceived by the proxy. When al the blocks needed to satisfy a
client data request are collected by the proxy, a datareply is sent to the client. The proxy recognizing outstanding
requests for blocks, and not re-requesting it from the server exploits commonality in time (temporal locality). The
false sharing that results from blocking the data set, can be thought of as alimited form of pre-fetching. All these
aspects are modeled in the proxy using asimple probability based test on a per block basis. A Bernoulli trial isused
to determineif a block resulting from a decomposed client datarequest isfound inthe proxy’sloca cache. This
probabhility isthe factor cache hit rate.

To characterize the proxy for smulation, benchmarks were performed on the ingrumented proxy. Severa client
request streams of small (300K B) and large (3MB) requests were sent to the proxy. Since the proxy isan in-core
engine, most of the work involves cache lookups and communication. The current implementation uses extensible
hash tables, which exhibitsregular behavior, thus making the modeling easier. Table 5 ligs the distributions used
for various control flow paths of the proxy simulation. Note the benchmarked performance was found to be fairly
consistent and well suited to normal distributions.

Description Distribution Used
Processing a client data request N(0.000185, 0.000024)
Processing a cache hit (per block) N(0.000076, 0.000007)
Processing a cache miss (per block) N(0.000142, 0.000009)
Processing to send hitsto client N(0.289, 0.028)
Processing to receive a server datareply N(0.204, 0.023)
Processing to send a server datareply toaclient | N(0.289, 0.028)

Table5—List of modeled Proxy processing distributions

One major cavesat in the current proxy implementation isthat thereis currently no eviction policy in place. The
eviction policy would be used in the case where a new block of data has been processed and is ready to be added to
the cache, but there isno more room, thus an existing entry must be evicted. Part of the reason for thisis because
we do not yet understand the behavior of the Virtual Microscope to randomly choose eviction policies to implement.
Asaresult, the processing overhead to receive a server datareply should be larger.

12
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Server

The server isthe component responsible for efficiently retrieving the data from the storage system. This component
relies on many tricksto improve its performance. Two of the most important ones are data declustering and data
clustering. Theformer consists of the subdivision of the multidimensional dataset into several blocks for which the
retrieval isefficient (typically one or asmall multiple of a SCSI block). These blocks are then declustered across
several disksto which the server has access. The declustering is done in such away that blocks that are close to each
other are placed on separate, so that alarger number of disks are accessed for each query. The concept of distanceis
user defined, and for the instance of the virtual microscope is the manhattan distance of the rectangular image
chunks. The clustering happens on alater step, in which for all the blocks that are declustered to the same disk are
again sorted so that they stay close to its neighbors. The goal hereisto improve locality for accessesto the same
disk.

Also, the server relies on asynchronous 1/0, request reordering and other tricks. Request reordering guarantees that
datawill retrieve in a sequential sweep of the disk, instead of performing random I/O. We have seen about 40%
performance improvement on the server due just to this reordering. The advantage of using asynchronous 1/0O isthe
overlapping of the I/O with the computation and the communi cation operations. For the particular case of the
microscope very littleis gained by that for the computation timeis negligible when compared to the /O timein
most cases.

In order to characterize the server we conducted several controlled experiments, varying different input parameters.
These parameters arerequest size and zoom factor. The request sze defines the size of the output. The zoom factor,
on the other hand, defines how much extra I/O is necessary on the server side, and that iswhat dominates the service
time. The idea of the characterization isto come up with amodel for the service time given these two parameters.

Weran 8 different experiments which covers the combination of different input sizes (small = 300KB and large =
3MB) and zoom factors (1, 2, 4, 8). The zoom factor works in the opposite direction as one might think. A zoom of
1 meansretrieve full magnification, or whatever is on the disks. If azoom factor of 2 is sdected it meansthat the
program should retrieve twice as much data on each dimension (four times more data overall), and then subsampleit
to reduce to the output size. So, a higher value for zoom means lower magnification for the image and more work
for the server. We ran each of the experiments 100 times in order to achieve some statistical significance to our
measures. We a so tried to minimize the impact of other aspectslike disk cache or workstation load during the tests.

Wefirst measured the times separately and the table above shows the values obtained. Notice that the processing
timeis negligible compared to the /O time per request. The communication time measures just the time to copy the
data to the protocol stack buffers. The 1/0 time dominates that time too. Notice that the timeto actually propagate
the datato therecipient side will be modeled on the network part of the Smulation.

Given theresults, we decided to model the servicetime asalinear combination of the input parameters. It seems
reasonable that the service timeis directly proportiona to the size of the output. We obtained roughly that behavior
on our measures so we decided to assumethat. For the zoom factor, we noted that the service timeisalso linear on
the square of it. Thereason for the squareisthat the zoom is applied in both dimensions of theimage.

The server ismodded using the following result:
Server_Service Time= (zoom? * 0.0304 + 0.1921) * size/ 3MB

Simulation

Our simulator was written in C++ and uses the C++SIM package to perform discrete process oriented simul ation.
The simulator was run on one of the Dec Alpha SMP nodes of the University of Maryland Alpha Farm. Each
experiment was run for 100 trials. Most of the data reported will be reflect mean values of the 100 trials. Random
numbers were generated from independent streams, and each sream starts with a seed that is 100,000 val ues away
from thelast stream’s seed. Thiswas doneto prevent dependenciesthat do not exist in therea system to appear in
the smulated modd. On the above described machine, the full factorial set of runsrequired >3 hoursto complete.

13
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We smulated two configurations based on our reference architecture shown in Figure 2. In both, thereisasingle
data server connected by aWAN. Theleft side of Figure 13 illugtrates the No Proxy configuration where a set of
clients are connected by aLAN, and must use a gateway to reach the WAN to communicate with the data server.
We assume the gateway adds no overhead, asin ahardware router. When we add a proxy in place of the gateway,

we have the configuration shown in theright of Figure 13.
m m
Gat
CI ien CI ien
AN

AN

Figure 13 - Simulation Configurations

Results

The outputs of our simulation runs are concerned with afew important metrics. Thefirg order concernis how fast
does the system behave for any client. For this, responsetimeis the obvious choice. A second order concern isthen
to see how well utilized each piece of the system becomes to learn how well the system could perform as the number
of clientsis scaled.

Response Time

As dtated earlier, the response time we care about is the time between the client request and when the client receives
al thedata. Since sending more data over anetwork link can take considerably longer than sending less, we
consider responsetimein threeways. In Fgure 1, the mean responsetime across al clientsis shown aswe scale the
number of clientsin the system. Several linesare shown in the graph. Asa basdine, the system without aproxy is
given. Inthis case, the proxy machinewould simply be a gateway machine without the ability to coal esce requests
or to do any caching. Theremaining plots are for configurations with the proxy turned on, with different cache hit
probabilities.

The response times shows on the graph represent the mean response time seen by all clients for agiven cache hit
rate and number of clients. Theresponse time value for each dient used to compute the mean, isthe mean response
time of all the requests sent by that single client. In general amean of means may not make sense, but for an overall
analysis we found it appropriate. For the No Proxy case, the response time increases asthe number of clientsis
increased amost linearly. Thisisexpected to not be completely true for thereal system due to congestion non-
linear backoff protocols. Our crude network model only insurethat a single entity can be writing to the network at a
given point intime. Other than this queuing, no other contentionsis considered, thus explaining the linear
appearance of the dope. We expect the response time to increase exponentially with the number of clients. The 0%
cache hit rate follows the No Proxy baseline very close, as expected. The 25%, 50% and 75% curves al show an
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improvement in the response time due to the reduction in WAN communi cation and reduced server load. Itis
interesting to note the much larger reduction seen when moving to 75% and 100%, which could indicate that very
good cache decisions are needed to get anything near acceptable performance. The 100% curve shows dramatically
smaller response time that increases much more dowly to only ~30 seconds for 30 concurrent clients.
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Figure 14 —Overall Client Response Time vs. Number of Clients

Figure 15 and Figure 16 show the same performance metric and data series as the previous graph, but here we
examine smal (300K B) and large (3MB) data requests respectively. The most griking observation hereliesin the
relative performance differences between the small and large cases. For the large requests, the 0%, 25% and 50%
configurations al follow somewhat close to the baseline No Proxy performance. In contrast, for small requeststhe
50% cache hit rate response time is approximately half that of the large requests. Thisis dueto the blocking
request-response nature of the Virtual Microscope protocol, causing the bandwidth of the link to be in the critical
path of every request. Thusthe cache policy is more critical for large requests, due to the high latency penalty
inherent in contacting the server over the WAN. Interpreted another way, if the protocol was enhanced to perform
some sort of pre-fetching of data so that the long haul requests to the server was out of the critical path, it would
help most for large queries.
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Figure 15— Small Request (300K B) Client Response Time vs. Number of Clients
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Figure 16 —Big Request (3MB) Client Response Time vs. Number of Clients

Utilization

One of the impacts a proxy can have isto reduce the load seen at the server, by serving data requests from its cache
when possible. Indirectly the service time seen by requests that makeit to the server isimproved, due to the load
reduction at the server. Thus a proxy cache hit can not only help the client who requested the data becauseiit is
available faster, but the server can better handle therest of the client requests that miss the proxy cache, and result in

server datarequests for blocks.

The server utilization, or the percentage of time the server is busy, is shown in Figure 17. Utilization of zero,
implies thereis no work to do, and a utilization of one meansthe server was constantly busy. For the case of 100%
proxy cache hit, no blocks will ever be requested from the server, and thusthe utilization iszero. The basdline curve
istheno proxy case. We see the expected curve, where it increases as clients are added to the system, until some
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bottleneck is saturated, and then it levels off. Since the maximum utilization seen is about 32.5%, this would
suggest that the WAN plays alargerolein limiting how fast the server can receive and respond to requests. If the
pipe to the server was made larger, perhaps the utilization would reach 70% or 80%, and the server could be
considered a bottleneck. Thisresult was surprising, in that we had predicted the server disk 1/0 as being amajor
contributor of request latency. The version of the server used for benchmarking was a parallel data server with
multiple disks per node. One can conclude that the parallel server seems to have removed the data server from being
a bottleneck in our experimental configuration. The 0% hit rate curve should illugtrate worse behavior than the
baseline no proxy case, because all that is happening isthe proxy is adding overhead, and al so breaking the request
into requests for blocks. Thisisa case where our simulation modd isnot reflecting therea system, and will be
investigated further. The other curves lie between 0% and 100% as expected. The higher the cache hit rate, the
fewer the requeststhat actually make it to the server.

0.35
0.3+ B
0.25 - B
c
L2
g 02| X x x|
E
$0.15 - B
Z
[}
(/) X
0.1 No Proxy —e—-
0% Hit —+ -
25% Hit
0.05 - 50% Hit -
75% Hit
100% Hit —
0 Lk -k b 4 ! | | ’
0 5 10 15 20 25 30
Number of Clients
Figure 17 — Server Utilization vs. Number of Clients
1 B L
=T No Proxy
09 T 0% Hit —+ - -
25% Hit
0.8 g 50% Hit x|
75% Hit
0.7 100% Hit —*— 4
c
=t
= 0.6 B
N
"3: 0.5 ) B
> *
§ 041 T
o
0.3 B
0.27 ' =4 _——t - —a - — - - — - — — - — — — — =4 ——— —— —— — — — — — — 4»7
O 1 | */’/;, x x x x ® |
‘/Qk4—0—0—0—0
0 | | | | | |
0 5 10 15 20 25 30

Number of Clients

Figure 18 — Proxy Utilization vs. Number of Clients
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Proxy utilization follows the expected inverse trend. For low cache hit rates, the proxy does not have much work to
do. When the cache hit rateis higher, then the overhead of cache maintenanceis increased, and the utilization rises.
The main reason we suspect the utilization is very low for most cases except 100% cache hit rate, is due to the
missing cache eviction policy in the real proxy implementation. Had this been included, the 0%,25%,50% and 75%
curves would all be higher, but gtill far from the 1.0 mark, since much timeis spent waiting on the WAN/server
loop. The 100% cache hit rate curve saturates the proxy at 20 clients, and would likely be fewer if the eviction
policy was represented. More clients than this would only enqueue at the proxy, and cause increased response time.
Initially we had expected the number of clients handled to be higher, so thislow number was surprising. An
efficient cache lookup scheme based on hash tables was absolutely imperative in supporting as many clientsas
possible by a single proxy.

Importance of Factors

The next question to examineis now that the performance characteristics of the system are known, what is the factor
that contributes most to the performance? The factors we considered for this study is Number of Clients and Cache
Hit Rate. Itiseasily seen that ahigh cache hit rate and alow number of clientswill correspond to high performance.
Inversely, low cache hit rate and high number of clientswill cause poor performance. What we want to know is
what is the relative importance of the factors when considering one of our performance metrics. The method of
analysis used is 22 factorial design, and is based on the following modd!:

Y=0o+0aXat 0 Xs + OapXaXs

Thisstyle of analysis assigns —1 to the factor leve that contributes the most to a performance metric, and 1 to the
factor level that contributes theleast. The assignmentsused arelisted in Table 6. Note that we chose reasonable
levelsfor the assignments, and ignore the case where a Proxy isnot used. In the case of Cache Hit Rate, 100% was
merely used to show the extreme case, and is believed to not be attainable. Using 100% would skew this anaysis,
thus 75% is used asthe highest level, and 0% is used asthe lowest. We are considering three performance metrics:
mean response time seen across al clients (RespTime), mean server utilization (ServerUtil) and mean proxy
utilization (ProxyUtil) for all 100 trials of the given configuration. In Table 7 we list the simulated performance
metrics values for the extreme cases. Table 8 presentsthe results of the analysis based on 27 factorial design. The
main result liesin recognizing that for all three performance metrics we areinterested in, the factor that contributes
most is Number of Clients(B). Cache hit rate also contributes, but in alesser manner. Sincethereare hard
performance criteriain an interactive system, the choice of maximum number of clients actively making requests
concurrently (30 in this case) has alarge impact in which factor comes out 1ooking the most important.

Symbaol | Factor Level-1 | Level 1
A Cache Hit Rate 75% 0%
B Number of Clients 1 30

Table 6 — Symbal and level assignmentsfor factors

Response (90% confidence)
A B RespTime (secs) Server Util ProxyUtil
-1 -1 11.28+ 3.57 0.0875+ 0.0277 0.0953 + 0.0301
1 -1 290.29+9.26 0.181+0.0571 0.0938 + 0.0297
-1 1 249,92 + 79.03 0.232+0.0733 0.252 + 0.0797
1 1 683.71+ 216.21 0.323+0.102 0.167 + 0.0529

Table7—Measured responses

M ean Estimate | Variation Explained (%) |
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Parameter RespTime(secs)  ServerUtil  ProxyUtil RespTime ServerUtil  ProxyUtil
Jo 243.55 0.206 0.15
Oa 112.95 0.046 -0.022 17.38% 29.31% 11.12%
Os 223.27 0.072 0.058 67.90% 70.68% 78.53%
One 103.95 -0.00063 -0.021 14.72% 0.0054% 10.36%

Table 8 — M ean effects

Conclusion

The performance analysis of the Virtual Microscope represented by this paper, isan initia effort into undergtanding
abroad class of client-server multidimensional image browsing. In this sudy, we examined an instance of this
broad class of applications—the Virtual Microscope. First, we broke the system into discrete pieces, and
characterized each piece. The characterization was done by specifically designed benchmark tests that attempt to
describe the component’ s behavior over itsdomain of intended use. The next mgjor sep involved deriving a
workload characterization, which was made difficult by the non-existence of many real Virtual Microscope users.
Severa abstractions and assumptions were made to generate the workload characterization we used to drive the rest
of the study.

Given the workload and component model's, we built a discrete event simulation to explore the full factorial design
space. We then analyzed the simulation behavior in an attempt to better understand the real system. From this
analysis we came to several conclusions. When considering the performance of the particular architecture and
workload we model ed, along with the performance metrics we cared about, the following can be concluded...

1. Thenumber of clientsthat we attached to a single proxy made a significant impact on the response
time seen by any client. Thisisavery intuitiveresult, but turns out to be important enough to be
enumerated. Care must be exercised in planning how many clients must be filtered through a single
proxy.

2. Thecachehit rate at a particular proxy, resulting from the request sreams of al the clients connected
toit, also impact performance, dbeit in aless significant way than the number of clients. Although, if
the number of clientsisfixed, cache hit rate becomes a major source of improvement. When
considering the resulting size of a client query, cache hit rate makes more of a difference with large
data results than for small dataresults.

3. When considering the system as awhole, the major bottleneck appearsto be the WAN latency and
bandwidth constraintsto get to the Data Server. The current paraldl implementation of the server
sufficiently alleviates any disk 1/0 problems, such that the WAN isthe bottleneck. This became
evident by the response time and utilization plots, and was surprising to us.

4. Fromthe workload analysis, we found that the fine control buttons were used less than we expected.
We had planned future performance optimizations that targeted frequent use of the fine control
buttons, so thiswas a particularly useful discovery.

Future Work

As dtated previoudly, thisstudy is an initial effort into a more comprehensive study of this class of applications.
Several future work directions are planned...

1. Expand the two-factor full factorial analysistoinclude al data from the 100 trials of each factor level
setting. Perform more detailed analysis of the smulation output data, including anadysis of variation
and confidence intervals for effects. Thiswas omitted only dueto lack of time.

2. Gather workload traces from many more users. The Virtua Microscopeis currently being deployed at
afew research centersas a proof of concept. Aspeople useit, we can gather user tracesto learn more
how people will usethe system.

3. Finish the Proxy implementation, and gather traces when used in a wide area environment, as was used
for thisgudy. Thisvalidation is sorely needed.
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4. Asinthelast point, real use validation of the studied configurations for the server and client are
needed to validate those models aswell. Oncethisis done, detailed conclusions from this performance
study cannot be reliably used.

5. Expand the studied architecture configuration to include several Proxy-Client groups dl hitting a
single server, and some clients hitting the server without a Proxy in between. Additionally, we need to
study if ahierarchy of proxies makes adifference. Sincethere are so many possibilities, it isunclear
how to best study this design space.

Appendix

Figures representing the sampled values from the distributions presented in Figure 11.
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Figure 19 - Sampled values (n=1000) for roundtrip delaysfor 300 KB on WAN
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Figure 21 - n = 10000
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