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ABSTRACT

Large client-server data intensive applications can place high de-
mands on system and network resources. This is especidly true
when the connection between the client and server spans a wide-
areainternet link. In this paper, we describe our experience chang-
ing the typical client-server architecture for a class of data inten-
sive applications. We show that given sufficient common interest
among multiple clients, our enhancements reduce the responsetime
per-client, the response-time variation and the amount of data sent
across the wide-area link. In addition, we aso see areduction in
server utilization which helpsto improve server scalability.
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1 INTRODUCTION

When designed for a client-server environment, image processing
and image browsing applications can place high demands on the
underlying system and network resources. For example, the Mi-
crosoft TerraServer archive of high resol ution satelliteimagery [18]
currently contains about 3.5 TeraBytes of data (uncompressed) that
areavailablefor interactive browsing. When interactivity is needed
and the client to server connection spans a wide-area internet con-
nection, the demands on the network can be extremely high.

In this paper we consider the effect of changing the typical
client-server architecture to include a caching proxy server in be-
tween colocated clients and the data server. With the proxy in place
and given sufficient common interest among multiple clients, typi-
cal proxy benefits can be realized. The response time seen by each
client can be reduced and made more deterministic, the amount of
redundant data sent across the wide-area network can be reduced,
and server scalability can be improved by reducing its utilization.
The magnitude of any possible benefit (or degradation) is directly
rel ated to theamount of commoninterest among the clients and how
well synchronized itisin time.

*This research was supported by the National Science Foundation under Grants
#ASC-9619020 (UC Subcontract #10152408), #A SC 9318183 and #CDA 9401151, by
DARPA under Grant #DABT63-94-C-0049 (Caltech Subcontract #9503), and by the
Office of Naval Research under Grant #N66001-97-C-8534.

1.1 Application

The Virtud Microscope [2, 11] is a client-server software system
that emulatesahigh power light microscope. Thesystemisrequired
to provide interactive response times similar to a physica micro-
scope, including continuously moving the stage and changing mag-
nification. The client software runson an end user’s PC or worksta-
tion, while the server database software for storing, retrieving and
processing the microscope image data runs on potentially remote
high performance parallel computer.

The queries supported by the server are small in size, and allow
aclient to request a 2-D rectangular region at a particular magnifi-
cation from within the bounds of a given slide data set. The reply
consists of image data for the requested region. The data set size
for asingle slide varies, but typical images at 400.X magnification
approach 7G' B to 10G' B per focal-plane.

The Virtual Microscope is representative of a larger class of
data-intensive applications [6] that involve browsing and process-
ing large multi-dimensiona datasets. Other examplesinclude satel -
litedataprocessing systems|[ 7], and water contamination study sim-
ulators that utilize a shared database.

1.2 Challenges

Reduction of wide-areausage Wide-area gpplications make use
of resources the user does not directly own, namely the long-haul
links and intermediate nodesin the network. Currently, use of such
resourcesis effectively free. As use increases, this cost mode may
very well change to one where users are charged for the amount of
data sent.

Data compression works remarkably well for many domains.
For mogt of theapplicationswe are considering, datal ossisnot pos-
sible. Non-lossy compressionislimited to not much more than 2-4x
reduction. We believe compression cannot be the only mechanism
used to reduce wide-area volume for this class of gpplications.

Reduced responsetime For interactive agpplications the system
as awhole needs acceptably small response times. Response time
is the amount of time between the initiation of arequest and when
the last piece of datais delivered. If aresponse takes too long, the
application becomes unusable. Techniques are needed to reduce or
eliminate the perceived latency seen between the client(s) and the
server.

System scalability Most of the scalability seenin this class of ap-
plicationsis achieved through the use of a pardlelized data server,
wherein a single query is handled by many processors and disks.
Reduction in workload isan important way to improve system scal -
ability from outside the server. With less applied workload, the sys-
tem should seereduced utilization, and hence better performance as
more clients are added.



(o)~
D~

LAN

(a) Original System

?
«..CIient
LAN

(b) Modified System

Figure 1. Architecture example for one remote server and one clus-
tered set of clients

2 ARCHITECTURE
2.1 Original System

Theoriginal systemiscomprised of aserver and oneor moreclients.
The server is further decomposed into asingle frontend process and
oneor morebackend processeswith attached disks. Sincetheserver
is designed to run on a parallel machine, the backend processes
are intended to each run on a separate node. The application data
is declustered across the backend disks. The dissemination model
used is request-response (Figure 2(a)), where clients send a single
multi-dimensional rectangular range query to the frontend process.
The frontend reads a batch of queries, and broadcasts them to the
backend processes. Given good spatial declustering, most backend
processes will have data for a single query on one of their local
disks. Each backend process with data for the batch of querieswill
read the data from the disks, perform computation on the data, and
send it directly to the requesting clients.

We want the techniques used to apply for al instances of our
class of applications. Toward this goal, we want to avoid data de-
pendent operation where possible. Werely completely on the meta-
data associated with data blocks and not the data blocks themsel ves
for the Virtual Microscope system modifications. This meta-data
describes what slide the data is from, focal plane, spatial coordi-
nates, etc. If we wanted to allow changes in the server and client
to support data block compression, opaque treatment of the data
blocks reduces changes needed in the modified system code.

2.2 Modified System
Theoriginal system was designed primarily for fast data movement
in the server. The proposed changes are explicitly for supporting
multiple co-located remote clients.

Proxy

Themajor architectural changeisthe addition of aproxy asaninter-
mediary in between a set of co-located clients and a remote server
(Figures 1(a) and 1(b)). Asfor any proxy, it will appear to the server
as a client, and to the clients as a server. It is possible for such
a proxy to perform various functions such as caching, predictive
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Figure 2: Client Query Control Flow

prefetching, and computation on the data. For thisinitia design we
only consider caching.

Caching at the proxy provides a benefit when two properties are
present. First, the clients need to be local to the proxy. This re-
duces the long latency seen in contacting the remote server to re-
solve proxy cache misses. Second, some commonality of interest
between the set of clients must exist. This reduces the working set
sizein the proxy which helpsavoid cache overflow. With both con-
ditions satisfied, the maximum benefit occurswhen only thefirst re-
quest for ablock of datais not in the proxy cache.

Note that we could also consider caching at the client, which
can provide many of the benefitswe describe for the proxy caching.
Whilethisisavalid approach, thiswork attemptstoisolate the case
where caching happens in a proxy.

Cache Modél Issues

The first consideration involves the unit of storage for the cache.
The classic options here include variable or uniform sized
blocks [5]. We chose to use uniform blocks for several reasons.
Uniform blocks make the cache replacement decisions simpler,
because the space gain for any eviction is the same. Detecting
when requests have some commonality is faster with a uniform
cache entry size. Given two requests R; and R, the question
becomes, is there any overlap? Intersection of rectanglesissimple
to compute, but deciding quickly how to handle the overlap is the
problem. There could be a relatively small amount of overlap, in
which case the benefit of eliminating the redundant data might not
be great enough to outweigh the work to detect and decide how to
handleit.

Another question is how to handle commondity in requeststhat
are offset temporally. Should Ry be delayed for future requests,
with the intention to coalesce them together into a single request?
If so, how long should Ry be delayed? This approach may be good
for achieving the minimum data redundancy, but it can increase re-
sponse time.

Cache Model Design

Each incoming query istrandated to a set of queries for individual
blocks containing the query result, as seen in Figure 2(b). Blocks
that are cache misses are immediately requested from the server.
Blocks that are cache hits are sent to the client. Pending blocks*
are tagged with this client’s id as another recipient. When blocks

Pending blocks are those that have been requested from the server for a previous
query but have not yet arrived at the proxy cache



eventually arrive from the server, they are sent to the set of waiting
clients.

Uniform blocking helps detect commonality in a passiveyet ef-
ficient manner. No request is ever delayed in the hope of finding
regions in common with those of another request, yet block-level
commonality is exploited. Figure 3(a) shows request R, arriving
with an empty cache in the proxy. All blocks for the request are
faulted from the server. Consider the casewhereblocks {1, 2, 3,6}
have arrived at the proxy, and blocks {7, 8} are pending when re-
quest R, arrives, as shown in Figure 3(b). In this case, the proxy
faults blocks {4, 9} from the server and sends blocks {2, 3} im-
mediately from the cache. Recognizing the commonality between
these requests, the client’sid is added to the pending list for blocks

{7,8).

3 WORKLOAD

Weinstrumented one of the Virtual Microscope clientsand captured
sets of traces of trained pathologists using the system. The user ex-
amined several dides, thoroughly searching each slide for any ab-
normality, as they would with a real microscope. We performed
tracing for severd sessions, and derived an abstract model of user
behavior. We present highlights of the detailed model [4] here.

[Zoom | P(400X) | P(200X) | P(100X) | P(50X) |

400X 0.65 0.35 0.00 0.00
200X 0.02 0.68 0.18 0.12
100X 0.00 0.05 0.50 0.45
50X 0.15 0.04 0.08 0.73

(a) Choose next magnification

[Zoom | P(3MIB) | P(300KB) |

400X 0.99 0.01
200X 0.99 0.01
100X 0.92 0.08
50X 0.70 0.30
(b) Choose next request size

Table 1: Workload modd probability transition matrices

The available magnifications for our test slide data set ranged
from 50X to 400.X . Through analysis of the traces, we discovered
that the previous magnification sel ected heavily influences the mag-
nification to be chosen next. Table 1(a) showsthe probability matrix
used for choosing a magnification, based on the current magnifica-
tion.

The client generates two request sizes. The larger request size
isfor the full view screen, which for a default window size is ap-
proximately 3M B. The smaller request size results from the fine
control buttonsin the client that allow for incremental movement in
any direction, which generate arequest of approximately 300 K B.
Table 1(b) describesthe probabilities of the next request size, based
on the current. Similarly, magnification also worked well asa pre-
dictor for inter-request time, also known as think time.

4 SIMULATION
We simulated the system to quantify the potentia benefits of using
aproxy. Here we present highlights of a more complete simulation

study [4].
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Figure 4: Client Response Time as No. Clients Increased

We are interested in determining the number of clients that can
be supported a varying quality of servicelevels. Tothisend, wein-
strumented the Virtual Microscope client and server as well as the
proxy prototype. From the resulting execution traces on a server
with a single backend process, we generated component level per-
formance histograms, which are used to find representative distribu-
tions. These, combined with the workload model, are used to drive
a discrete event-driven simulation. For network wide-area (WAN)
and loca area (LAN) characterizations, we ran micro-benchmarks
on our local test machines and a test machine at the San Diego Su-
percomputing Center.

One abstraction that was necessary for simulation wasto decou-
ple cache hits from actual request regions. Requests are modeled
in an opaque way, never specifying the spatial coordinates within
the slide. Each request is broken into 256 K’ B sized blocks, and a
Bernoulli trid is used for each block based on the cache hit rate.
This allows usto easily consider the effects of different workloads
(cache hit rates) while keeping the volume abstract and constant.

4.1 ResponseTime
We consider response time separately for queries resulting in large
and small replies in Figures 4(a) and 4(b), respectively. For both
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Figure 3: Proxy Cache state as requests arrive

graphs, the mean response time across all clients is shown as we
scale the number of concurrent clients. The system without aproxy
isshown as abaseline. Theremaining curvesare for configurations
with the proxy turned on, with different cache hit probabilities.

For the No Proxy case, the response time increases almost lin-
early as the number of clientsisincreased. The 0% cache hit rate
follows the No Proxy baseline very closely, as expected. The only
overhead isthe congtant time for the data to passthrough the proxy.
The 25%, 50% and 75% curves all show improvement in the re-
sponse time due to the reduction in WAN communication and re-
duced server load. It isinteresting to note the large reduction in re-
sponse time between the 75% and 100% cache hit rates, which in-
dicates (as expected) that very good cache hit rates are critical to
getting the best performance.

For large requests, the 0%, 25% and 50% configurations all
somewheat closdly follow the baseline No Proxy performance. In
contrast, for small requests the 50% cache hit rate response time is
approximately half that of thelarge requests. Larger requests cover
more cache blocks, so aremorelikely to includethefull latency cost
of contacting the server over the WAN.

4.2 Utilization
Server utilization is the percentage of time the server is busy, and
isshown in Figure 5(a). For the case of 100% proxy cache hits, no
blocks will ever be requested from the server, so the utilization is
zero. Utilization increases as clients are added to the system until
saturation, and then levels off. This maximum utilization is about
32.5%. Notethisisartificialy low due to themethod of time alloca-
tion used in our simulation 2. The absolute values of the utilization
should beignored, and the relative trends used to draw conclusions.
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 rate is higher, the overhead of cache maintenance in-
creases, and proxy Uutilization rises. The 100% cache hit rate curve
saturates the proxy at 20 clients. Initially we had expected the num-
ber of clientsthat aproxy could handle would be higher, so thislow
number was surprising. An efficient cache lookup scheme is abso-
lutely imperative in supporting as many clients as possible with a
single proxy.

2Thetime for sending and receiving datawas charged to the network instead of the
server.

5 PROXY IMPLEMENTATION

As described in Section 2.2, our proxy implementation caches
blocks based on a uniform tiling of the data space. The proxy uses
hashing internally for al cache indexing. The hash key is based on
server number, dide number and data block number. This meta-
data provide enough information to give any data block a globally
unique ID, while till allowing afairly small key.

Every block in the cache is also indexed by other data struc-
tures to enable different cache replacement policies. At thistime,
we have implemented FIFO, LRU, and RANDOM policies. FIFO
evicts the oldest block first. LRU maintains reference information,
such that the victim is the block that has not been accessed for the
longest time. RANDOM chooses a victim randomly from the set of
cached blocks. For therest of this discussion, weare using LRU re-
placement. Weintend to investigate these replacement policies and
other domain specific policiesin the future. We expect policiesthat
take advantage of semantic knowledge of the data and application
to out-perform the simple policies.

51 Experimental Setup
Experimentswere run to emulate one of our driving scenarios. This
involves aclassroom setting where students are remote with respect
to the data. Severa users start at approximately the same time, and
search adidelooking for interesting regions, presumably to make a
diagnosis. Thisisanideal situation to experiment with aproxy, due
to the geographi cal proximity of several userswith common interest
inremotedata. The data server wasrun on an UltraSparc at the Uni-
versity of Maryland, and all raw imagedatawason local disks. This
single backend configuration matches the simulation setup, and & -
lowsamanageableworkload to saturatethe server. Clientswererun
on different nodes of the 128 node IBM SP at the San Diego Super-
computing Center, over the fast wide-area VBNS [16] connection
between these sites.®> When a proxy was used, it ran on another of
the San Diego IBM SP nodes, with various cache and block sizes.
This setup does not exactly match the architecture shown in Fig-
ure 1(b), because the proxy is not running on the network gateway
machine. Thisresultsin adight performance pendty by causing re-
quest and reply datato maketwo tripsover theclient LAN, resulting
in more contention and lower performance.

We wrote adriver to emulate client behavior based on the same
workload model used for simulation. The main difference is that
therequests are for particular regionsin the data set, and any cache

3Thisfast network (155 Mbit/sec ATM) was used to approach usability in response
times. Had we used slower wide-area connections, the proxy benefits would increase.
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hitswill be based on commonality in the actual driver requests. In-
teresting regions are modeled as pointsin the slide, and hard-coded
into the driver. When a user pans near an interesting region, there
is a high probability a request will be generated. The driver adds
noise to requests to avoid multiple clients asking for the same re-
gion. In addition, we need to avoid having all the clients scan the
slideinthe samemanner. Thedriver either sweepsthrough thedide
in an up-down fashion or aleft-right fashion as shown in Figure 6,
as observed from real users.

5.2 Results

We now present asubset of the experimentsweran. In al cases, the
client driver wasrun until atotal of 20 requestswereissued and sat-
isfied per client. Thisresultsin gpproximately 1.6G B of raw image
data being read from the disk by the backend processand 47.23 B
of image data being requested for each client. The client image data
sizeisimportant, because the cache sizeswere chosen to avoid hav-
ing everything fit in cache, thus exercising the replacement policy
and biasing temporal commonality.

Figure 7 shows separate response time curvesfor 1, 2, 4, and 8
clients. For the 1 client case shownin Figure 7(a), theresults are as
expected. Thereisno commonality acrossclientswhenthereisonly
asingle client, so the proxy is only adding overhead by breaking a
single query into several block queries, and forcing all reply datato
flow through the proxy on the way back to the client. Thisis seen
most dramatically for the first query with a proxy, where all data
must be faulted from the server. Despite these problems, there are
timeswhen improvement is seen over the No Proxy curve. Thisoc-
curswhen the blocking of the dide causes extraimage datato bere-
trieved by the proxy for agiven request, and the next request isfor a
nearby region aready inthe proxy’s cache. |n essence, blocking the
data causes some prefetching. Of course, there is a tradeoff in the
choice of block size, inthat larger blockswill improve the prefetch-
ing effect, but will also add to the cost of reading and sending the
data. Wetried block sizesof 16 K B, 32K B, 64K B, 128 K B, and
256 K B. The64 K B block sizewas empirically found to be agood
overall choice for the data set, workload, and machine and network
configuration used.

The two clients in Figure 7(b) are performing different sweep
patterns, and any commonality resulting from the common set of
interesting pointsis scattered over time, thus cache misses are com-
mon. Considering 4 clients in Figure 7(c), we introduce explicit
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temporal commonality in the client sets {1,3} and {2,4} from the
sweep patterns. In this case, we see the response time curves for
both proxy cases are generally a or below the No Proxy case. This
trend continues in Figure 7(d) with the introduction of more clients
while keeping the same two classes of sweep patterns. Another im-
portant observation appliesto all cases, where more cache hits re-
duces the response time variation as seen by the error bars in the
plots.

For al experiments, doubling the size of the cachefrom 20 M B
to 40 M B does not seem to make a difference. For most cases, the
curvesaresimilar. Thisisprobably duetotheworking set sizebeing
less than or approximately equal to 20M B. Further experiments
with smaller cache sizes are needed to explore cache size sensitivity.

We now consider the effect aproxy has on server utilization. As
in the smulation experiments, we expect the reduction of requests
that are sent to the server toreduce overall server utilization. Table2
shows server utilization for the same set of experiments. For the
single backend process configuration we used, 2 clients are enough
to saturate the server. Addition of the proxy reduces the utilization

Proxy (Cache Size)

Clients || NoProxy | 20MB | 40MB
1 90.89% | 85.79% | 88.57%

2 98.11% | 84.39% | 83.31%

4 98.35% | 85.48% | 83.92%

8 98.94% | 86.17% | 82.01%

Table 2: Server Utilization

overall by 2% to 12%. Another way of thinking about the effects
of aproxy isthe request density  is reduced. By satisfying certain
blocks in the proxy cache, the stream of block reguests is spaced
out, reducing request density. The server can better keep pace with
therequest streamit is presented, as demonstrated by the utilization
numbers.

Finally we look at the reduction in wide-area communication
volumefor these experiments. The general trend wasthat the WAN

“Request density is defined to be the number of requests per unit time.



volume increases by about 49 M B for each client in the No Proxy
configuration. When a proxy is used, this reduces to about 30 M B
for both cache sizes. Seeing the same volume decrease for both
cache sizes, and the small increase in communication volume as
clients are added, indicates that for most cases the first request for
dataresults in acache miss and most subsequent requests are satis-
fied in the cache. Even though all data required by the clients does
not fit in the cache, the current working set probably does. More
cache gtatistics are needed to determine if thisis the case. If thisis
true, we should either add more interesting regions to increase the
working set size, add morenoiseto theworkload or reducethecache
sizeto makethe experimentsmorefair and exerci se thereplacement

policy.
6 DISCUSS ON

We can make severa key observationsfrom simul ating and building
a proxy for the Virtual Microscope system. Better understanding
of these issues isimportant for improving the performance of other
applications of thistype.

Server Phasing

One major problem that can arise is phasing ° at the server. The
frontend process reads a batch of requests up to some fixed max-
imum number, and broadcasts the query batch to the backend pro-
cessesto be satisfied asasingle unit. When completed, the backend
processes are then ready to handle the next query batch.

Since the proxy rewrites a single client query into potentially
many queries for individual blocks, poor phasing can occur when
the set of block queries spans two or more server batches. The
server is well suited for large client queries sent directly to the
server, but breaks down when used for many small proxy queries.

This problem can be handled in various ways. The protocol
could be augmented to include a flag that asks the frontend to con-
tinuereading client queriesuntil the one marked last. Alternatively,
we could add anew query packet that can hold morethan one multi-
dimensional range query, and the proxy would only send one multi-
query to the server.

Uniform CacheBlock Size

In the first proxy design, we wanted al magnification levels for a
particular block of datato land in the same hash bucket. Thiswould
allow the proxy to down-sample cached block data when a request
arrivesfor alower resolution. Slidedataopaquenessisviolated, but
we wanted to investigate the trade-offs. In this case, the size and
number of blocks would vary based on the query magnification.

Since Virtual Microscopeslidesaretwo-dimensiond, thereduc-
tionin block sizeis quite dramatic as magnification is reduced. For
example, a64 K B block sizeat 400 X magnification correspondsto
a64K B/4 =16 K B block sizeat 200X, and 1K B a 50X . This
results in a huge number of block queries to the server for alarge
query at low resolution (approx. 3072), al to answer asingle client
query that completely missesthe cache. In these cases, caching was
ineffective because response time was dominated by the nearly uni-
versal need to access the server for alarge number of blocks.

This also added alarge amount of overhead because of smaller
work unit sizesand payload sizesin the server, proxy, and even the
network. Without amortizing cost over large work units, the system
overhead becamesignificant. Sufficeto say, performance wasama-
jor problem when using variable block sizesin thismanner. The so-
lution we employed was to break the slide space into uniform size
blocks regardless of resolution.

5Phasing occurswhen asingle unit of work spans multiple server processing loops.

Communication Protocol |ssues

The communication protocol between the client and server makes a
largeimpact on how amenable the applicationisto proxy-based per-
formanceimprovements. Since the system uses a request-response
style dissemination mechanism [12], forcing queries and responses
to passthrough an intermediary causes aguaranteed latency penalty.
In early tests, a smple pass-thru intermediary nearly doubled la-
tency. Any proxy for arequest-response based applicationwill seea
similar effect. It would perhaps be better to use a publish-subscribe
model of dissemination where clients indicate data interests ahead
of time, and the server smply pushes data to the client without
the extra round trip time latency penaty of request-response. Of
course, this is only useful if there is a way to know what future
data interests will be. For many of these applications, the proxy
could monitor direction vectors from concise information provided
by the client to estimate future requests, and have the server send
data without the client asking for it. In this model, the clients steer
the data flow, rather than asking for each piece. Wide-area applica-
tions may have to use such protocolsif interactivity is needed.

We can also consider other methods to alleviate the penalty in-
volved in sending the reply image data through the proxy before it
gets to the client. |P Multicast could be used to send data smul-
taneoudly to the reguesting client(s) and the proxy. In addition to
reducing the response time for the client query, thiswould also re-
duceserver utilization. Theserver only hasto spend time putting the
dataonto the network once, and the network is responsiblefor repli-
cating the data somewhere en route. The main problem with using
multicast for this application is granularity of group changes, and
alsoin the sparseness of group membersin awide-areanetwork [9].
A large cost of multicast is building and maintaining the multi-
cast tree as users join and leave the multicast group. This works
well for long running jobsthat send many messages to amortize the
cost. Multicast could be prohibitively expensive for the fine gran-
ularity group changes needed to handle common block requestsin
the proxy. The proxy architecture would potentially require group
membership changes for every block in aquery, for which current
multicast isill suited.

6.1 Related Work

Proxy servers are not new, and have been studied and deployed ex-
tensively in the Web context [17, 15, 10]. Our work is different in
severd ways. First, the application domain is different. Web prox-
ies ded with caching html documents, while we are caching multi-
dimensiona spatial data query results. Second, the cache unit is
different. Web proxies cache all or none of a variable sized docu-
ment [5], because the whole document isthe smallest possiblegran-
ularity. The equivaent for our domain would be to cachefull query
results. Instead, we introduce a degree of freedom by decomposing
the data space, and translate the query into several uniform sized
sub-queries in the decomposed domain. Third, the reason for the
cache being effectiveis subtly different. Web proxieswork because
asubset of dl documentsare requested morefreguently than others.
In our case, the proxy is effective because thereis some overlap be-
tween queries. In fact, we would argue our proxy ismore similar to
cpu cache lines than Web proxies.

This work has some features similar to Semantic Data
Caching [8]. We take advantage of the semantic knowledge avail-
able about the datasets, about the rel ationship between the datasets
and their corresponding meta-data, and also about the coordinate
systems and spatid relationships present in such multi-dimensional
datasets. This knowledge is leveraged to exploit the temporal and
spatial locality in the query streams.

To reduce latency in processing queries into relaional
databases, Query Scrambling [1, 3] is atechnique that changes the
query plan at runtime to do useful work with other data sources



when initid delays are seen from some data sources. We are taking
advantage of spatial locality in a specific type of non-relational
data. Scrambling is dealing with a different problem on a different
type of data.

Broadcast Disks [13] tries to alleviate request-response proto-
col problems by pushing commonly used data onto a constantly
broadcast circular stream. This requires techniques to decide when
aclient should wait for the next occurrence of needed data on the
“disk”, or request it directly from the server. Thiswork is one ex-
treme in handling client-server data needs. The other extreme is
unicast request-response, which iswhat the original Virtual Micro-
scope system represents. The proxy version is somewhere in be-
tween, utilizing intermediate nodes in the path from the client to
the server to reduce redundancy. The use of intermediate nodes is
aprimary distinction between our work and most related database
research. Tradeoffsin using client and server resources have been
considered for sometime [14].

7 CONCLUSION

We have shown how the addition of an intermediary (proxy) in be-
tween the clients and server of a particular class of data intensive
applications can improve performance. Given sufficient common-
ality among a set of clients local to the proxy, we have demon-
strated utility by reducing overall system response time and mak-
ing it more determinigtic, and increasing server scaability by de-
creasing server utilization. In addition, we have reduced the amount
of data sent over the wide-area connection between the server and
the clients. Even in cases with no inter-client commonality, we see
some prefetching improvements for a single client. These benefits
were achieved without changing the existing client or server appli-
cation code.

To be fair, there are cases when commondlity between client
requests does not exist, or the commonality is so temporaly dis-
tributed that it cannot be exploited. We plan to follow up this work
by investigating techniques for deciding when the use of a proxy
will be advantageous. If this can be determined, the proxy could be
automaticaly used for cases where it improves performance, and
avoided when it does not.

Thisentirework assumesread-only browsing of the dataset. We
have not dealt with the important problems of cache consistency
when allowing updates to the dataset. Future work involves allow-
ing such updates to occur.
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