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Abstract

A seamless infrastructure for information access and dateepsing is the backbone for the successful development
and deployment of the envisioned ubiquitous/mobile apgibmis of the near future. This infrastructure should akouser
to access and process information from anywhere, whetlper fitom a desktop or on the road. Further, the user should
not be able to perceive any noticeable differences in thibopaance across these different environments. These goals
become particularly challenging when constrained by tlseusce availability on many mobile devices, in terms of the
computational power, storage capacities, wireless cdiwitgcand battery energy. With spatial data and locatioraee
applications widely recognized as being significant bergafees of mobile computing, this paper examines an importan
topic with respect to spatial query processing from theussmconstrained perspective. Specifically, when facet wi
the task of answering different location-based queriespatia data from a mobile device, this paper investigates th
benefits of partitioning the work between the resource-traimed mobile device (client) and a resource-rich setbat,
are connected by a wireless network, for energy and perfucengaavings.

This study considers two different scenarios, one wherthalspatial data and associated index can fit in client mem-
ory and the other where client memory is insufficient. Foheaftthese scenarios, several work partitioning schemes are
identified. The execution of spatial queries using a packé&®index structure is modeled for each of these schemes us
ing a cycle accurate performance and energy simulatorctmtires the wireless communication as well. Three diftere
spatial queries on different datasets are studied for h&smes by varying several hardware and system softwaampar
eters. The results show that the type and nature of quergearhamportant influence on the choice of work partitioning
schemes, as does the dataset, relative speed of the maditearid server CPUs, and the wireless network bandwidth. It
is found that work partitioning is a good choice from bothrgyeand performance perspectives in several situatiors, an
these perspectives can have differential effects on tlhévelbenefits of work-partitioning techniques.
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1 Introduction

The proliferation of numerous mobile and embedded computing devicembds it imperative to provide users with
a seamless infrastructure for information access and data processinginfifdssructure should be seamless from two
perspectives. First, one should be able to access and process informaticemfywhere - whether sitting at a desktop or
from a mobile device on the road - in a transparent manner, withoutemgptible differences between these environments.
The computational capabilities, storage capacities, network connectiabjlity or user interface differences across these
diverse environments should not pose any restrictions on the kimdislifficulty of applications that the user may want
to run. Second, one should not notice any perceptible differences iretfiermance (responsiveness and throughput)
across these environments as well. These two perspectives are key requiréanehe accelerated deployment and
success of the envisioned ubiquitous computing environment. Therpesoonstraints in many of the mobile devices pose
several challenges in making them responsive to the increasing demands$cdtapys that are being imposed by users.
This paper explores issues from these two perspectives in runninglspeattibase applications - an important class of
mobile applications - on handheld devices, examining the impact of resgonstraints (battery energy in particular) on
performance in a wireless environment. Specifically, this paper introduiteredt ways of partitioning the work in the
application between a resource-constrained client and a resource-rich serves ttaatragcted by a wireless network, and
investigates the energy consumption and performance trade-offs betweeappesaches.

The mobile computing environment poses several unique problertsasy limited computational resources, battery
energy, and network connectivity, of which the battery energy is considerbd the most challenging to tackle. The
growing mismatch between energy capacity of batteries and the energy consuofptiobile devices makes it critical
to employ algorithmic, software and architectural techniques for energrygsain addition to traditional circuit and gate-
level optimizations. It is hypothesized that high level optimizationalgorithms and data structures can give much more
energy savings than micro-managing the energy consuming resources at@awiemel.

Resource-constraints on a mobile device can bias an application develay&idad most of the work to a server
whenever possible (through a wireless network). For instance, tlilhblhcould serve as a very thin client by immediately
directing any user query to a server which may be much more powerful and ehergy may not be a problem. The
handheld does not need to store any data locally or perform any complicatetiopgon it in this case. However, it is not
clear whether that strategy is the best in terms of the performance and eremvgpmwts. Sending the query to the server
and receiving the data over the wireless network exercises the networadetewhich has been pointed out by other
studies to be a significant power consumer [9]. If this dominates oequdtver consumed by the computing components
on the handheld, then it is better to perform the entire operation oclitrd side as long as the handheld can hold all the
data. Sometimes, even if it is energy and/or performance efficient to offalbétie computation to the server, there are
several reasons [2] such as access to the server (unreachability/disconmfectiviemote locations) and privacy (the user
may not want others, including the server, to be aware of his/her locatigueries), causing the entire query execution to
be performed on the handheld. There are several options between theseesdmperforming all operations at the client
or everything at the server - that are worth a closer look. Partiticthiagvork appropriately between the client and server
in a mobile setting can have important ramifications from the perfocemand energy consumption viewpoints. To our
knowledge, no previous study has explored a possibly rich spectfworé partitioning techniques between the mobile
client and the server for mobile spatial database applications to investigatgy-performance trade-offs.

Database applications are expected to be the dominant workloads runmihg onobile devices [1]. Apart from
the prevalent personal organizer database applications (address book, ¢caenjjathere are numerous productivity-
enhancing commercial, entertainment and convenience-based database applicatgioseenfor such devices. This
paper specifically focuses on spatial databases, an important class of applitatitrs mobile devices. In general,
Spatial Database Management Systems (SDBMS) [28] have found widespregidadonumerous areas including Geo-
graphical Information Systems (GIS), Image Processing, Militaryritteyiand Logistics, Computer Aided Design (CAD),
Multimedia Systems, and Medical Database Systems. SDBMS are impontamblidle computing, with several possible
applications in this domain. Already, mobile applications for spat&igation and querying using a street atlas are avail-
able for many PDAs [21, 10]. In addition, traditional data input andrgiing for conventional SDBMS can be supplanted



by mobile operations for better productivity and convenience.

The motivation for database management in mobile/pervasive environhr@ntseen very elegantly pointed out in a
recent tutorial at the VLDB 2001 conference [8], together with a longlfisingoing and future important research topics
in this area. This tutorial stresses the importance of data managementtirf@m factor devices that are limited in
memory, battery energy and wireless connectivity. Spatial data managementatioheaware operations are identified
as key target applications with several examples.

SDBMS design and implementation is a difficult problem [28] even on entional systems because it has to deal with
multidimensional data. Data objects have varying sizes associated withdhenspatial operations are in general much
more complex than standard relational operators. Further, the efficiéniog storage organization is highly dependent
on the nature and idiosyncrasies of the spatial dataset. Moving the targehobile device makes the design and im-
plementation of a SDBMS even more challenging. Resource constraintasliatited energy, computational power and
memory add to the complexity of the problem. Performance is not nedgsbkarbnly goal for optimization. Sometimes
the user may be willing to sacrifice some amount of performance if thaendble the device to run longer on battery.
Power dissipation of different system components may also be an impisgaa for thermal considerations.

Queries on spatial data are typically answered in two phases. The first phéese tlafiltering step, traverses the
multidimensional index structure to identify potential candidatatsms. The second phase, called thénemenstep,
performs the spatial operations on each candidate to find exact answers. Refiicamigs quite intensive for spatial data
(based on the geometric complexity) compared to traditional databases filtegireg costs (that is disk intensive) are
usually overwhelming. Such well-demarcated phases serve to identifisfioitite query execution that can be exploited
for work partitioning as is explored in this paper. Apart from the textremes of doing everything at the client or the
server, one could envision performing the filtering at the client andefieement at the server, and vice-versa.

It should be noted that the availability of index structures and datsergpartially or completely, on the mobile client
has a large influence on the choice of operations done at that end. Thedikerp requires the index to be available, and
the refinement requires the actual data items from filtering. Shippingya éanount of information back and forth is not
a good idea because of the associated communication costs. At the sambdiamapunt of information that a handheld
client can hold is limited by its physical memory size (DRAM) since it doesusually have the luxury of disk storage.
Finally, the placement and availability of data is also determined by #uygiémcy of updates (either changes or insertions)
since these again involve communication. In our experiments, we @mnsid scenarios. The first scenarfjequate
Memory assumes that the client has sufficient memory to hold the data set and asbimeiak, while the second scenario,
Insufficient Memoryassumes that the client can hold only a certain portion of the dataset andtivad is limited by its
available memory.

With the goal of analyzing energy-performance trade-offs when partitipthie work involved in spatial data queries
between a resource-rich server and a resource-constrained handheld device fltepaper investigates the following
issues:

¢ Adequate Memory\Ve explore four options - (a) performing the query fully at the dliéim) performing the filtering
at the client and the refinement at the server, (c) performing the filteringeagdrver and the refinement at the
client, and (d) performing the query fully at the server - for differguatal queries. It should be noted that of these
options, (a) demands the maximum amount of client memory, while thex thiree demand less. We also consider
two variations of these options (for (b), (c) and (d)) where the actatl dan be absent or present on the client.
Absence of the data on the client implies that the server has to send thedataudeéms (which can take up many
more bytes) to client, while it can simply send object ids when the dgteigent on the client.

¢ Insufficient MemoryWhen the data set and associated index is much larger than the available emotynwe
investigate the following two options for query execution: (a) $farring a part of the data (and the index for that
portion of the data) that is spatially close to the query region ovthrdalient based on its available memory, and
then performing the query at the client end, and (b) performing the dudyyat the server. The former option
can be a good idea if there is sufficient spatial locality from one quetyagméxt, which is quite possible in a real
workload. If the next set of queries is going to be focussed on a dggiiaiximate region of the first query, then



they could perhaps be satisfied by the mobile client itself. This coulattére the cost of the larger data transfers
for the first query. Trade-offs between spatial proximity in the woakl and size of the data that is transfered are
evaluated for this option.

This paper explores these work partitioning issues using somealkgpagiries for road-atlas applications on real datasets.
A detailed cycle-accurate performance and energy estimation execution-drivesh $atiplePower [30], that is available
in the public domain, is used to analyze the behavior of these queries.eValuation framework also uses detailed
performance and energy models to analyze the wireless communication congpf@®ntin addition to the software
issues of work partitioning and data placement, their interaction wittweme artifacts such as the ratio of the mobile
client processor speed to the server processor speed, the wireless commubaadiwidth, and the choice of dynamically
adjustable power modes is studied.

The rest of this paper is structured as follows. The next section pistsvork in perspective with other research
endeavors. Section 3 gives a quick background of spatial index stru¢spesfically the packed R-tree [17] that is used
here), and the implementation of the spatial queries considered here orrsistiirss. Section 4 defines the design space
of different work partitioning choices that are evaluated. A descriptioth® modeling of the different hardware and
software components, including the wireless communication, is giv&ection 5, and the results from this evaluation
are given in Section 6. Section 7 summarizes the lessons learned fromdhigssexand identifies directions for future
research.

2 Related Work

The area of mobile computing has drawn a great deal of interest fromatiffezsearch groups. Hardware engineers and
system architects have tried to provide small form factor componentarth&nergy-efficient by attempting gate, circuit,
and architectural-level innovations [7]. Compilers and runtime systeaae developed techniques for working in resource-
constrained settings [18]. In terms of the systems software, theesdesmn research projects to integrate information from
different sources, and to provide ubiquitous access to this informpg]o Wireless technology and routing protocols for
mobile devices have also advanced significantly to make anytime-anywhereativity a reality [3].

All these innovations have started providing the infrastructardfilding many mobile applications. While the most
popular commercial ones are personal organizers (small databases), prodeatincing tools and games, the more
relevant applications related to this work are those that are found ispéital database and GIS area. Several vendors
already offer [10, 21] a version of a road atlas (a simple spatial databaBeatipp), allowing the user to get driving
directions (shortest path problem), examine detailed map informatiog€ queries), give details on a landmark/restaurant
that the user points to (point queries), and so on. However, manesé thpplications have been developed in an ad hoc
manner, and there is very little prior work on how best to implement suehies on resource-constrained systems. The
only known prior investigation [2] into query processing for endpgyformance efficiency in resource-constrained systems
has studied the trade-offs between energy and performance for differeaf gpdeix structures. In this study, all the data
and index structures are assumed to reside entirely at the client, and rieselie@r communication or work partitioning is
considered. As was mentioned earlier, it is not clear if this is really thedpgsbach when there is the option of offloading
some work to a resource-rich server over a wireless network.

An earlier work [15] looked at the wireless communication and associated ec@ngumption issues for broadcast
data. The problem that this study examined is that of data disseminatizen there is some piece of information that
is widely shared, how best to disseminate this data to all mobile detfiaésnay be interested, in a performance/energy
efficient manner? This is an important problem for situations when sexweshile devices are interested in the same
information (and the amount of information to be disseminated idowtarge), where broadcast becomes an effective
solution. In this work, however, we are looking at a more generdlpro where different users are possibly interested
in different pieces of information, and this information can be much lar§erit is essential for the client to initiate and
transmit the queries to the server, and for the server to responddudllyi to each client.



3 Spatial Access Methods and Queries Under Consideration

There has been a great deal of prior work done in the area of storage orgarsfati spatial (multidimensional) data
Several previous studies have compared these index structures gmerfiormance, scalability, space overheads, sim-
plicity, and concurrency management viewpoints. As mentioned in thégoiesection, a recent paper [2] has looked at
three spatial index structures - PMR QuadTrees [22, 13, 14], Packed R{I7eand Buddy Trees [26] - from both the
performance and energy consumption perspectives for memory resident dptial hese structures have been pointed
out to be representative examples from the design space of storagarssior multidimensional data. Since one of the
goals of this work is to investigate how work partitioning comparéh werforming the entire query at the mobile client,
we use the same index structures and queries here as a reference poiotlolied discussion gives a brief overview of
these queries and index structures.

Line segments (or polylines) dominate road-atlas applications, &se #re used as the data items in this study. The
gueries that have been used in the earlier study, and have been identifiedaaingperations for line segment databases
[13, 14], include:

e Point Queries: In these queries, the user is interested in finding out all line segrtiaitmtersect a given point.
For instance, such an operation could be used to find out the name of alslitéetointed to by the user, or to find
out which streets meet at a given intersection.

¢ Range Queries:These queries, also known as spatial selection or window queries, are sstettall line segments
intersecting with a specified rectangular window. Very often, the user iamiggnify a portion of the atlas for a
closer examination, and this query can serve such a request.

e Nearest Neighbor Queries: These are proximity queries where the user is interested in findingethest line
segment (street) from a given point (e.g. what is the closest streeferalgndmark, subway station, etc.). This is
the perpendicular distance to the line segment if the perpendiculaséoctsithe segment, and is the distance to one
of the end points (closest one) otherwise.

Range and Point queries are typically implemented usfiliggeing stepvhere the possible candidates are first identified
using their minimum bounding rectangles (MBRs). Each index nodéehierarchical spatial structures represents a
rectangular region of the spatial extent that it covers, and is representlkd MBR of this region. The filtering step, that
traverses the index structure, uses these MBRs to identify possibtédates. Subsequentlytedinement stefs needed
to perform the actual geometric operations on each short-listed data iferd tbhe exact answers to the query.

The Nearest Neighbor query is a little more complicated to implementdifférent previous suggestions [13, 23, 24].
For instance, [23, 24] uses a progressively expanding (in size) raregg cgntered around the query point till the first data
item is found. Another possibility [13] is to actually go to thatiegof the index structure, and examine around this region
in the structure instead of composing the searches as separate range guanesinteresting, and perhaps more efficient,
approach is studied in [24] and is the strategy used in this paper. Tlohstarts at the root node and examines the MBRs
of its children. It orders these MBRs in terms of distances from theyqu&nt, and uses these distances to determine the
recursive search order. In addition, it also uses these distances to peusgarch when noticing that certain MBRs will
definitely contain data items that are closer than those for the othereahildihe process is then recursively carried out for
the candidate child nodes. This is a general technique that can be used fétlmgansidered hierarchical spatial access
methods. The nearest neighbor query does not have separate filtering aechegfi steps in our implementation.

In the interest of clarity, this paper uniformly presents all evaluatisults using the Packed R-tree structure. The R-
tree [12] was initially proposed as an extension to the B-Tree stiédnhandling multidimensional data. Many variants
of the R-Tree, such aB™-Tree [27] andR*-Tree [4] have been studied. They differ in the algorithm that is used f
insertion, specifically in splitting a node of the tree when its s#bts filled. They attempt to give better balanced (and
efficient) trees by dynamically adapting to the insertion pattern/sequeneeudg these structures can become inefficient
when the database of spatial items is static (and kr@yriori). In such cases, one should use bulk-loading techniques
rather than insert item by item to build the data structure. Roussopauld Leifker [25] use packed R-trees for such



Where is the computation performed? Where does the index reside Where does the data reside? ||

Adequate Memory at Client

Fully at the Client At both Client and Server At both Client and Server
Fully at the Server Only at the Server Only at the Server

Only at the Server At both Client and Server
Filtering at Client, Refinement at ServerAt both Client and Server Only at the Server

At both Client and Server At both Client and Server
Filtering at Server, Refinement at ClientOnly at the Server At both Client and Server

Insufficient Memory at Client
Fully at the Server Only at the Server Only at the Server
Fully at the Client Partly at Client, Fully at Server Partly at Client, Fully at Serve]

Table 1: Work Partitioning and Data Placement Choices Explored in ThdySt

static databases to lower response times. Further, Kamel and Faloutkeadg@st using Hilbert value (a linearization
technique for multidimensional space [11]) for sorting the datasteefore constructing the bulk-loaded R-tree. This is
the structure that is used in this paper. Typically, such R-trees atérbaibottom-up fashion, level by level. After the line
segments are sorted, for each line segment, starting from the firsoamgl@ne after another, a pointer and its MBR are
entered into an index node. When the number of pointers exceeds the nodéycapaeivindex node is created. After
all the lines are assigned pointers and MBRs, index nodes for the ipgnerdevel are created to point to the index nodes
at the lower level, and the process continues recursively till we get &giogt index node. Along with each pointer, we
keep track of the MBR of the area that is covered by that subtree. The R-retustrallows MBRs of pointers to overlap,
which actually helps keep it balanced. However, the downside to this ia 8&#rch has to traverse more possible pathsin
the hierarchical structure. Depth-first traversal is used to implemenjutbees.

4 Work Partitioning Techniques and Experimental Design Space

There are numerous ways of partitioning the total wdik) (between the client and server for the queries described in the
previous section. Figure 1 captures the overall structure for wotitipamg, where the client performs; amount of
work, before sending off a request to the server for it to in turn periits portion of work {v2). When the server returns
the results from its execution, the client may perform additional wWar before handing the results to the user. It is
sometimes possible for the client to overlap its waiting for the tedrdm the server with a certain amount of useful work
(w4) as well. Further, one could also envision communication going back atidbetween the client and server, and
without significant loss of generality one could capture those scenaitiosppropriate values for the;s.

By associating different values far;, one could capture a wide spectrum of work partitioning strategiess€juently
this design space can become exceedingly large, if one were to consider dilgoeskies for thew;s. It should however
be noted that work partitioning comes at a cost. One needs to package amditfransive state information, and data
back and forth, and doing this at a very fine granularity would resuliginificant overheads. Further, programming can
become very hard if one is to consider migrating the work arbitrarihénmiddle of an operation (state information has
to be explicitly carried over). It is for this reason that we look foplkoitly demarcated portions of the code that are at
reasonable granularities to consider shipping the work over to tle sithe. The filtering and refinement steps of query
processing offer these clear demarcations in the execution, and we specifiogdiydur work partitioning schemes at the
boundaries of these steps. Further, we do not assume any scope falisanat the execution, though there could be in
reality (this only makes us conservative in our estimate of the benefitedf partitioning), andv, is set to zero in our
considerations.

Table 1 shows the work partitioning strategies that are actually esduidi this paper. The taxonomy is based on
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Figure 1: Overall Structure of Work-Partitioning
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where the computation (filtering and refinement) is performed for each dagether with the location of the dataset and
associated index. In the first scenario, we examine situations wheeeishedequate memory at the client. For this we
consider,

¢ Doing everything at the client (i.avs = 0). In this case, the data and index need to be at the client to perform the
operations, and this is the only option considered.

¢ Doing everything at the server (i.ev; + ws + ws = 0). In this case, there is no need to keep the index at the
client. While one may avoid keeping the data as well at the client, an advamithgiés presence is that the server
can simply send a list of object ids after refinement instead of the data iemsélves, thus saving several bytes in
the results message transmission. Hence, we consider both optidine ftata at the client.

¢ Doing filtering at client and refinement at server (ug. =filtering, w, =refinement). Shipping all the index to the
client can incur a high cost. Consequently, we consider only the case \hleeiralex is available at the client (and
by default, at the server). For the data, as with the previous case, weleohsth options to explore the potential
of saving communication bandwidth.

¢ Doing filtering at server and refinement at client (ue. =filtering, w3z =refinement). In this case, it does not make
sense keeping the index at the client. Further, since the earlier two caséderdhne impact of moving filtered data
items from the server, we only consider the situation when the dateesdyl available at the client.

In the second scenario, where the client memory is insufficient, we consider

¢ Doing everything at the server (i.ey + w4 + w3z = 0). There is no data or index maintained at the client, and all
the queries are simply shipped over, and the client just displays tadisults it gets back.

¢ Doing everything at the client. (i.eys =filtering and refinement). In this case, the client is going to hold datasitem
in a part of the spatial extent and associated index based on its availabEyn®hen a query is given, the client
first checks (based on the index it has), whether it can be completely satigfidtbwlata locally. If so, it goes ahead
and does the filtering on the smaller index and the corresponding refihéraem, = 0, and there are no messages
going back and forth). On the other hand, if it cannot answer the quehylegal data, it sends the request to the
server. The server sends back data items that satisfy the query predicategtegtt some more proximate data
items, and an index encompassing all these data items back to the alieisti{ow the extra work that the server
does to pick such data items and build a new index). The amount of data &#nd index is determined by the client
memory availability. The client uses this information to do the fittgrand refinement, and stashes this away for



future queries. If there is sufficient spatial proximity from one guerthe next, then the data transfer costs can be
amortized over several queries.

Master Index Structure

I

Send to
Client

AR

Query Point

Client Memory Size = 12 Data Items + 7 Index Nodes

Figure 2: Choosing Data and Index Structure for Shipment to Client

We would like to briefly explain how the server picks the data items a@wdindex for the client in this case, since
we do not want to incur significant overheads. We use the packed R-tretustrto explain the algorithm. Together
with the query, the client sends memory availability to the server.sEneer traverses the master index structure (for
the entire dataset) as usual except, that it not only picks nodes and datalterg the path satisfying the predicate,
but also certain nodes on either side of it based on how much data the clierdldafrigure 2 shows an example,
where the nodes/data satisfying the actual predicate is shown bydkertline, while the nodes/data that is actually
sent is shown by the shaded area when the client memory size can hold 12hestalitd 7 index nodes. Note that
we can do this in just one pass down the index structure (as is usim, the packed R-tree can give reasonable
estimates of how many data items and index nodes are present within a gfitezes

One may ask how does the data and or index get to the client in the schenshgeduire those to be locally present.
If the rewards with such schemes are substantial, then one could advoheteheiting these placed on the client while
connected to a wired network (before going on the road) or incurringgdiore cost of downloading this information. As
was mentioned earlier, we focus on static data/information, and do nateodynamic updates in this work.

Having described the design space of work partitioning schemes that walegnve would like to point out that
there are several hardware, system software and mobility factors thahdgbegrerformance and energy of these schemes.
Consequently, their implementation warrants close scrutiny. Sonesétfactors include:

e The relative speeds of the mobile client and resource rich sererery slow client can be biased towards the
scheme which offloads all the work to the server, while a very fast client @enthbe other way around. In our
experiments, we vary the ratio of these speeds to study its effect.

¢ Wireless Communication Bandwidthhis not only has an impact on the execution time for schemes sending mes-
sages back and forth, but also has a bearing on energy consumption sinaeetbesietwork Interface Card (NIC)
has to remain active longer during transmission/reception.

¢ Processor Power Saving Mode3everal mobile (low power) CPUs offer power saving modes to whielsdftware
can transition the processor during periods of inactivity. This adad particularly useful for schemes incurring
long wait times before they can receive data from the server.

¢ Wireless Interface Power Saving Moddsist as the CPU provides power saving modes, the wireless interface als
has different power modes that can be used during periods of inactivigre ®re trade-offs between transitioning
costs between these modes and power savings can you can get.

¢ Physical Distance Between Client and Base Statim important consideration in the power consumption of the
wireless transmitter (not the receiver) on the handheld device is thegalhgistance that the signals need to traverse



before reaching the base station/access point. For instance, changirapgreission distance from 100 meters to
1 kilometer can nearly triple the transmitter power. Consequently, tgqaleserving schemes are expected to do
much better with such increasing distances.

There are also other issues such as noise, packet loss due to mobilityfexttingfthe schemes, and in this study we
assume those issues can be subsumed by an appropriate choice of theeeffieetdss communication bandwidth.

4.1

Quantifying Trade-offs when Partitioning the Work

Consider the following parameters that can capture the behavior ofadiffeiork partitioning strategies:

B - Effective (delivered) wireless bandwidth

Etuiy_iocal - Energy consumption of the computation if performed completely omlibat (in Joules) (This is the
energy consumed when, = 0)

E,cq1 - Energy consumption of that portion of the overall computation thaerformed locally. (This is the energy
consumed during portions; andws)

Eprotocor - ENnergy consumption by the processor on the client in network prbfwosessing (does not include

wireless interface energy).

C'tuity—10cal - Client processor cycles spent executing the entire computation locally.

Chprotocol - Client processor cycles spent in network protocol processing.

Ciocal - Client processor cycles spent in that portion of the overall computéttit is performed locally.
Cr, - Number of client cycles for transmitting the data from the wirelet=rface.

Cwait - Number of client cycles waiting before reception is initiated.

Cr. - Number of client cycles spent receiving the data at the wireless interface.

C\w, - Number of server cycles processing the query at server side.

Mhz¢ - Clock speed of the client

Mhzg - Clock speed of the server

Pcrient - Power consumption (in Watts) by the client in the datapath, caches, lansksiemory (does not include
the wireless interface)

Pr, - Wireless NIC power consumption during transmission

Pg, - Wireless NIC power consumption during reception

P, 4. - Wireless NIC power consumption when idle

Pyjeep - Wireless NIC power consumption when put to sleep (consumes lesser pramehe idle mode)
Packetr, - Transmission packet-size (in bits)

Packet g, - Reception packet-size (in bits)



Then, the number of cycles for transmitting a packet of $taeketr, is given by

Packetr,

CT,T:( B

)Mh/ZC

Similarly, the time for receiving a packet of sifucket g, is

Packetp,
B

The number of client cycles spent while the server is performing th& isaiven by

Cl,
MhZS

CR,T,‘ = ( )Mh/ZC

Cwait = (

)Mh,Z(j

Further, let us defin& ¢ 11y —10car @aNAEjocq @S
Etuity—iocal = (Petient + Psicep)Crully—iocal
Therefore, in order for work partitioning to be effective: From the perfance perspective, we need to have
Cruty—tocal > Cra + Cuy + Cra + Crocat + Cprotocol

From the energy perspective, we need to have

Packetr, Packetp, Cuw,
TT) + PR:C(TR) + (Pidle + Pclient)(— + Clocal + Cprotocol)]

(Pclient + Psleep)cfully*local > MhZC[PTW( Mhzg

Intuitively, it may appear from the above relations, that one could redneegy consumption by one of more of the
following:

¢ Increasing the effective network bandwidfB)(

e Reducing the amount of data transferrédi{ketr,, and Packet g,)

¢ Reducing the ratio of the client processor speed to that of the s%@g}go

¢ Reducing the server-computation tim@,(,)

¢ Reducing the power-consumption of the processor and the wireleSBO®@P. icrt, Prs, Pra, Pidie, aNdPsjeep).
¢ Reducing the energy consumption of local client computatigp.(;)

¢ Reducing the energy consumption of the protocol implementafipn,{,co:)-

There are complex interactions between the amount of data that needs todberteghand the computations that are
performed at the client. There are interactions between the nature of thei@tiop and the size of the result with factors
such as the bandwidth, speed of the client and server, and the protocataderh detailed empirical evaluation of the
different choices is needed for a clear understanding of this design spacexpg@unental platform uses a simulation
infrastructure to conduct this empirical evaluation.

5 Experimental Platform

In the following subsections, we go over the simulation infragtrce which provides a platform for quantifying the per-
formance cycles and energy consumption of the different query executidegies. We also give details on the workloads
(both datasets and queries) and parameters that are used in the evaluations.



5.1 Modeling the Mobile Client

We use the SimplePower [30] simulation infrastructure to modetytetes and dynamic energy consumption of the exe-
cution of application code on a 5-stage integer pipeline datapath. ddlisstavailable in the public domain and provides
detailed statistics for the different hardware components. The readegiigaekfo [30] for details on how it works, together
with the energy models for the different pieces of hardware - datapath, cladhkes, buses and DRAM memory.

5.2 Modeling the Wireless Network

In addition to the processor datapath, caches, buses, and memory, we also siemddte the interface to the wireless
NIC , the data communication and the wireless protocol. We have decbplIC power and timing simulator, together
with a protocol simulator, and incorporated this into the Simplegtdramework. The effective bandwidth of the channel
depends on different parameters such as the channel condition and the ungderbgulation/coding schemes used by
the client. In this work, we adjust the delivered bandwidth to modelvtireless channel condition (errors in wireless
transmission).

The NIC model is based on the description presented in [19]. There arstdas for the NIC, namely TRANSMIT,
RECEIVE, IDLE, and SLEEP, and its power consumption in these stagggan in Table 2. The SLEEP state provides the
most power saving, but it is physically disconnected from the netwdhie NIC cannot be used when it is in this mode,
and cannot even sense the presence of a message for it (from the servealdeavesceiving it. This state has an exit
latency of470us [29] to transition to one of the active modes. The SLEEP state is e sending the request and
after getting back the data to/from the server when we are sure that thebe wo incoming message for the client. The
IDLE state is used when it is important for the NIC to be able to semsiné presence of a message from the server (when
waiting for a response after sending the request to server). The TRAN&M RECEIVE states are used when sending
and receiving messages respectively. The transmitter is usually much meeqmsuming than the receiver. This power
depends largely on the distance to cover, as is shown in Table 2 for 100 irkandlistances to reach a base station/access
point.

State Power (mW)
TRANSMIT | 3089.1 for 1 Km (1089.1 for 100 m
RECEIVE 165
IDLE 100 (Exit Latency: 0 s)
SLEEP 19.8 (Exit Latency470us)

Table 2: NIC Power States

In addition to the NIC hardware simulation, we have also developeticatipn-level code (APIs) to simulate the
software network protocols over the wireless medium. These are execaiecdaghe SimplePower simulator. The APIs
include: SendMessage, RecvMessage, Sl eep, andl dl e. TheSendMessage function simulates the sending
of data andRecvMessage that of reception (returning when the message is in the appropriaerguffThe API code
includes the process of packaging the data into IP packets and TCP segandnpgrformance/energy costs for this are
included in the processor datapath, caches, buses and memor$l &ap andl dl e functions are used to put the NIC
into the SLEEP and IDLE states respectively, and their usage was explaitied a&hen the NIC senses an incoming
message (when in IDLE mode), it transitions to the RECEIVE state kg pp the message. The duration of its stay in
the RECEIVE state is governed by the message length and network bamdwid

All message transfers include the TCP and IP headers, and are broken dovwedgments and finally into frames
based on the Maximum Transmission Unit (MTU). The transfer time ardtygrconsumption are calculated based on the
wireless bandwidthig) and the power consumption in the appropriate mode.

In addition to the NIC power state choices, there are also several desigesiior the code running on the mobile
device in managing the CPU during communication. For instance, whatcstie CPU do when waiting for a message?
Should it continue to poll the message-queue state variables in anaiskpop, or should it block itself and let the NIC
interrupt it upon message arrival? The advantage with busy waitimgighere is little time lost between message arrival
and is thus effective from the performance viewpoint. However, thigléementation not only exercises the processor
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datapath components while executing the loop, but also keeps hitgrglticaches (particularly the I-cache) which has
been shown to be a significant energy drainer from the overall system pérsj2tt On the average, we found that the
latter approach of blocking the CPU during a receive operation cut the ec@ngyumption in this operation by more than
half, and consequently present results only using the blocking oistitve performance results.

Further, when the application is blocked on the client, the client CPU casilpjp be put into a lower power mode
for the CPU (many mobile versions of processors offer multiplegrawodes including the mobile Pentium, Transmeta,
and StrongARM). Upon an interrupt from the NIC, it transition$ ofltthis state and becomes active again to pick up the
message. In our experiments we find that this option gives a savingéeti-20% of energy savings in several cases,
and use this mode whenever the client is blocked during communication.

5.3 Modeling the Server

Since we already have several issues to consider at the client and for wir@hesginication, which is our main focus in
this paper, we make some assumptions at the server end. We assume eh¢oskevresource-rich, in that there are no
energy limitations there, and memory is not a problem either (i.e. we @&ssempiests can be satisfied from in-memory
index structures and data). Modeling I/O issues and the resultingghput at the server is part of our future work, and
our assumptions here are presuming that there is sufficient locality iexecution (either from the same client or across
clients) that the data and associated index nodes get cached in server memogjieWetbat relaxing such assumptions
would not significantly impact the relative benefits of the work-parting schemes that need to go to the server for some
information or the other, and we intend to consider such issues inutuefwork. We also assume that the server is close
enough to the wireless access point/ base station and that the costsraj ffetti the base station to the server are not
significant (one could envision relaxing such restrictions in futasearch as well).

Consequently, all that we need to model at the server end is the performahes thyat are expended in performing
its portion of the query after the request has reached a base station. ®imltenet need energy simulation, we directly
run this code using SimpleScalar [5], a popular superscalar processdagimwith a different set of parameters than the
client (to account for its higher computation capabilities, speed and stocapgeities), and feed the resulting performance
value back to the (SimplePower + Wireless Network) simulator. This captihews portion of the execution shown in
Figure 1.

5.4 Workload and Simulation Parameters

We have used two line segment datasets from the Tiger database [2BA (@ntains 139006 streets of four counties -
Fulton, Franklin, Bedford and Huntingdon - in southern Pennsydydaking about 10.06 MB in size. (ljYC contains
38778 streets of New York City and Union County, New Jersey, tatbgut 7.09 MB. A pictorial view of these datasets
is given in Figure 3.

This structure takes around 3.56 MB for the PA dataset and around 1 MBdNYC dataset. Most of the results are
presented using the PA dataset, and we show one set of results withénelataset to show that the trends are similar.

For the scenario with adequate client memory, we use the results fromua®@or each of the three kinds of queries
(Point, Range and Nearest Neighbor). Each run uses a different set of quanygiers. For the Point queries, we randomly
pick one of the end points of line segments in the dataset to compespidry. For the Nearest Neighbor queries, we
randomly place the point in the spatial extent in each of the runs. EdRdmge query, the size (between 0.01% and 1% of
the spatial extent), aspect ratio (0.25 to 4) and location of the quedowis is chosen randomly from the distribution of
the dataset itself (i.e. a denser region is likely to have more queryanig). The results presented are the sum total over
all 100 runs. The workload generation for the insufficient client mensoenario is discussed later in Section 6.2.

In work partitioning schemes where the required information (datadex nodes) needs to available on the mobile
client, we assume that this information can be downloaded from the gereee time cost), perhaps even before the user
goes on the road with the mobile device.

Tables 3 and 4 list the simulation parameters chosen in our experimengssefver is assumed to have a 4-issue
superscalar processor clocked at 1 GHz, with adequate memory to hold all aitdseidand index that are considered.
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Figure 3: Datasets

Parameter

Value

Processor Clock Speedfhz)

MhZS/S, MhZS/4, MhZS/Q, MhZS/l

Processor Organization

Single-Issue 5-stage pipelined integer datap

I-Cache Configuration

16 KB 4-way set-associative

D-Cache Configuration

8 KB 4-way set-associative

|- and D-Cache Line Size 32 bytes
Cache Hit Latency 1 cycle
Memory Size 32 MB
Memory Access Latency 100 cycles
Supply Voltage 3.3V
Feature Size 0.35 micron

Table 3: Client Configuration

=

(b) NYC - New York City antbbl@€ounty, NJ

h

Parameter Value
ILP 4
RUU Size 64
Load/Store Queue Size 32
Functional Units 2 Ints,2 FP
Memory Size 128 MB

Cache Hierarchy

Two-Level with L1 D-Cache and I-Cache and Unified L2 Cac|

he

Instruction Cache Size 32KB
Instruction Cache Line Size 64B
Instruction Cache Associativity 2
Data Cache Size 32 KB
Data Cache Line Size 64B
Data Cache Associativity 2
L2 Cache Size 1MB
L2 Cache Line Size 128B
L2 Cache Associativity 2
Unified TLB (fully assoc) entries| 64
Clock Speed 1GHz

Table 4: Server Configuration
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The client is modeled as a single issue processor, with clock speeds thatrige as a fraction of the server clock.
These values are representative of what is found today in commercial offexiroty as the StrongARM SA-1110 [16]
(in PocketPCs) which operates at 133 and 206 MHz. We consider two distan08sm and 1 Km - for the wireless
communication, with communication bandwidths of 2, 4, 6, 8, 11 Mhysidh is in the range of what is available or
expected to be soon available in commercial offerings).

6 Experimental Results

6.1 Adequate Memory at Client

We first consider the scenario where the client has adequate memory to hafidhelldataset and index if needed. As is
pointed out in Table 1, even in this scenario, we consider some sitgatibere the actual data objects are not necessarily
present and need to be shipped from the server after a refinement.

6.1.1 Comparison of Schemes Across Queries

Our first set of results examines the pros and cons of the work pamitiischemes for the three sets of queries that
are considered. Figures 4, 5 and 6 compare the schemes for point, range, @stl meighbor queries respectively with
different communication bandwidth parameters for the PA dataset. Sinnedhest neighbor query does not have separate
filtering and refinement steps, the work partitioning based on theseastepst considered here, and we consider only the
options of doing everything at the server versus doing everythitigeatlient. In these experiments, the client CPU speed
(Mhzc) is set toM hzs /8 and the transmission distance is 1 Km.

Results are shown in terms of the (a) energy consumption at the mabite ici the NIC during transmission (NIC-
Tx), reception (NIC-Rx) and when idle (NIC-ldle) together with the giyeronsumption in the other hardware components
(datapath, clock, caches, buses, memory) of the client that are clubbed toge®hecassor (while we have statistics for
each component, we do not explicitly show this for clarity); and (b)ttit@ number of cycles from the time the query is
submitted till the results are given back (in terms of the time spernh&yprocessor executing its work, and the NIC in
transmitting and receiving). In all these graphs, the horizontal diokd(that may appear to be missing in some graphs
because of its closeness to the x-axis) represents the correspondinfpvahes’Fully at the Client” scheme.

Point Queries: Let us first examine the results for the point queries (Figure 4)is figure compares "Fully at the
Client” execution with the energy and performance of : (i) Fully at Servayure 4(a), (ii) Filtering at Client, Refinement
at Server (Figure 4(b)) with the index available on the client butitita residing at the server (not available at client), and
(ii) Filtering at Server, Refinement at Client (Figure 4(c)) with theednd data available on at the server (after filtering
server needs to send actual data items for refinement at client). The reason wegplicidly show these schemes with
data residing at the client option is that this variation does not givg dgifferent results. The selectivity of point query
is very small, and sending back the data items or just object ids does ethatresulting message size from the server
significantly.

In all the executions for the point query, we find that both the energguwmption as well as the execution cycles
are dominated by the communication portion (especially by the tramsmittich has been pointed out to be a big power
consumer); processor cycles or energy are not even visible in these .ghaphsg transmission bandwidth increases, both
energy and cycles drop since the NIC needs to be active for a shorter tinmaemsages do not take as long. Even at
11 Mbps, all these schemes consume much higher energy than doing all thetatomplocally. The schemes are much
worse than full client execution on the performance side as well. Achesthtee work partitioning schemes that employ
the server, we do not find any significant differences between them in terine efiergy or performance behaviors. The
reason behind these results is the fact that the point query is not as impally intense, and the selectivity is much
smaller (not only after refinement, but after filtering as well in our expenits). Consequently, the execution (and energy)
is dominated by the cost of sending the request to the server rather tifaadiymputation that is performed on either side
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Figure 4: Point Queries. Comparing the schemes in terms of energy cptisnran the mobile client, and total cycles
taken for the execution. The horizontal line indicates the energy andrpenfice of "Fully at the Client”. The profile for
energy and cycles is given in terms of what the mobile client incurs in tegdlven separately for transmission, reception
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(c) Filtering at Server, Refinement at Client
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Figure 5: Range Queries. Comparing the schemes in terms of energy cdimsuarpthe mobile client, and total cycles
taken for the execution. The horizontal line indicates the energy andrperfice of "Fully at the Client”. The profile for
energy and cycles is given in terms of what the mobile client incurs in tBg&lven separately for transmission, reception
and idle) and all other hardware components that are bunched together as pradesteft bars for (a) and (b) are for the
case where data objects are not available at the mobile client and need tppedsinom server, while the right bars are
for the case where data objects are already available on the client.
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Figure 6: Nearest Neighbor Queries. Comparing "Fully at the Server” exacwith "Fully at the Client” that is shown
as the horizontal line. The profile for energy and cycles is given in tefmhat the mobile client incurs in the NIC (given
separately for transmission, reception and idle) and all other hardware oemtgdhat are bunched together as processor.

or the amount of data that is transferred (which usually fits in one padRe® can also observe that the absolute cycles
and energy consumed by the query are much smaller than the correspondasjfealine range query discussed next.

Range Queries: Moving on to the range query in Figure 5, we compare "Fully at the clierécution with the: (i)
Fully at the server case (Figure 5(a)), (ii) Filtering at Client, Refindrae8erver case (Figure 5(b)), and (iii) Filtering at
Server, Refinement at Client case (Figure 5(c)). For (i) and (ii), the lvattsedeft for each bandwidth in the corresponding
energy and performance graphs show the results for the data residymynahke server i.e., it is not available on the client.
Consequently, the server has to send back the data items as well (which takenorarbytes than just the object ids) after
refinement. The bars on the right in the graphs show the correspomaéngy and performance when the data items are
available at the client, in which case the server can just send object ids.

There are several interesting observations in the range query results:

e We note that while communication is significant, as in the point quleyprocessor cycles and energy cannot be
discounted in all executions. As the amount of computation that thet gesfiorms increases (it increases as we
move from (i) to (ii) and to (iii) since refinement is the most time s@ming), the processor components of cycles
and energy becomes dominating, especially at higher communication bandwidths

¢ We find that keeping the data locally helps a lot for (i) and (ii). The b&nafe much more apparent for the fully at the
server case compared to the other, since the percentage of communicationdimeddéithe total execution/energy
is much higher. We also find that theenefits of keeping data locally at client saves much more on performance
than on energy This optimization only lowers the data reception at the client (fromesgrand does not alter the
transmission of the request to the server. Since the transmitter weich more dominant, and is unaffected by
this optimization, the savings in energy are not as much as the saniogsles.

¢ Unlike the point queries, we find that work partitioning does helmeaqueries. With reasonable wireless band-
widths, we can surpass the energy and performance of doing everythhmy @ient in many cases. Howevéng
performance and energy measures show different points of operatiglgsd bandwidth at which the work partition-
ing schemes do better than doing everything at the cliergeneral, these schemes start doing better in performance
earlier than in terms of energy. This is because the energy costs of commumiea# much more expensive than
its performance costs, and one needs to go to a much higher bandwidtsetintiois difference.

¢ We also notice differences between the schemes, which we did not find inittigperies. We find the "fully at the
server” execution outperforming (i) and (iii) in terms of both eneagyl cycles, especially when the data is stored
locally at the client. When the data is resident at the client, there is wdeydommunication between the client
and server. In fact, this execution outperforms the "fully at the cliex¢cation even at 2 Mbps bandwidth, though
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it takes over 6 Mbps before it becomes more energy-efficient. Of the othemtevdind again a very interesting
situation, where thenergy and performance criteria can pick different winnést us examine the cases where the
data is available locally on the client. We find that the "filtering at cliegfinement at server” is more performance
efficient than "filtering at server, refinement at client”, and beats the cycles of dtitlient” beyond 4 Mbps. On the
other hand, the converse is true in terms of energy. These results capldieec based on the fact that refinement is
quite computationally intense, and offloading this to the faster serlpsisave cycles. However, before doing this
the client has to do the filtering and send the candidates from filterirfietsdrver (which is not needed for (jii)).
This makes the transmitted message from the client much larger, and asmadrtgfore, this consumes a lot of
power (the energy profiles illustrate this).

Nearest Neighbor Queries: Since we do not have separate filtering and refinement steps in the prgaefsiis query,

we have only compared the "fully at server” case with the "fully at clien®@xion in Figure 6. The selectivity of this
guery is again quite small, and we have similar observations/restititlas point queries. Here again, it makes sense to
do everything at the client as long as we can keep all of the index and datananitery.

6.1.2 Sensitivity to Dataset

Previous results were shown for the PA dataset, and we now examidédfdrences when we move to the NYC dataset
using the range queries (Figure 7). The difference between the datatbetsNeY C is a little smaller. More importantly,
the selectivity from the filtering step in NYC is smaller than the coroesiing selectivity in PA. One can observe that
the transmission (where the ids from filtering need to be moved t@®geenergy or cycles in the "Filtering at Client,
Refinement at Server” for NYC is lower than those for PA. Similarly, #eeive energy or cycles in "Filtering at Server,
Refinement at Client” is lower for NYC. This factor makes these hybrid schemues more competitive than the corre-
sponding executions for PA.

6.1.3 Impact of Client CPU Speed

The clock speed for the mobile client was set to one-eighth the server speadiér experiments, that is reflective of
many current commercial offerings. In order to investigate what effect tiaéivielspeed between the client and server
has on the execution, we show in Figure 8 the range query resultsheittlient speed set to half that of the server. With
a faster client, we clearly see that the "Fully at Client” execution takes lawer to complete (the cycles in this graph
refer to the new client clock which has much higher frequency). So performaiseethe faster client definitely helps the
schemes which do more work at the client ("Fully at Client”, followed by t#fihg at Server, Refinement at Client”, and
then "Filtering at Client, Refinement at Server”).

On the energy angle, note that the overall energy is not significantly affegtetiatever is consumed by the non-NIC
components at the client, including the processor. Since the NIC usagést determined primarily by the bandwidth
rather than by the speed of the client clock, the overall time spent in tissismand reception more or less remains the
same. Consequently, we have a situation where we are saving on panf@mwvith little impact on energy by increasing
the client speed.

6.1.4 Impact of Physical Distance Between Client and Base Station

When we move from 1Km (that has been assumed until now) to a 100 m ranggarfsmission, the power consumption

drops from about 3 W to about 1 W (as given in Table 2). Here, we just $hewvenergy graphs for the schemes with

the range queries in Figure 9 (the influence on cycles is negligibls)isAo be expected, with a shorter distance, the
work partitioning schemes, especially those that use more transmjsaieer (such as "Filtering at Client, Refinement at
Server”) become much more competitive. Thus, a client in a region withreehdensity of base stations can transmit with
lesser power, and prolong the battery energy, than a client in a regioe Wwhse stations are farther apart.
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Figure 7: NYC Dataset - Range Queries. Comparing the schemes in termsgf earsumption on the mobile client, and

total cycles taken for the execution. The horizontal line indicates theggaad performance of "Fully at the Client”. The

profile for energy and cycles is given in terms of what the mobile clientrisiin the NIC (given separately for transmission,
reception and idle) and all other hardware components that are bunched toggttoeregsor. The left bars for (a) and (b)
are for the case where data objects are not available at the mobile clierd@htbrbe shipped from server, while the right
bars are for the case where data objects are already available on the client.
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(b) Filtering at Client, Refinement at Server
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(c) Filtering at Server, Refinement at Client
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Figure 8: Studying the impact of a faster client for Range Quefiészc = M hzg/2 in this case, while it wad/hzg/8
in Figure 5. The new client clock speed is used to denote the cycles irtf@mpance graphs.
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6.2 Insufficient Memory at Client
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Figure 10: Insufficient Memory at Client - Range Query

In the insufficient memory scenario, we consider the "fully at server” antly"fit client” situations. In the latter
scheme, the client directs the first query that it gets to the server. Ther @xamines its index based on the query and
ships back a certain amount of data and the corresponding index (as egpdairiier) to the client, so that the total data
shipped does not exceggdwhich indicates client memory availability. Subsequent queries to teetaan potentially be
satisfied locally if it falls within the spatial extent for the data thatalds. Else, it throws away all the data it has, and
re-requests the server for new data and index. The trade-off with thisagh is to be able to compensate for the additional
costs of transferring the data and index (and the work that the seresridselecting these items) to the client which is
absent in the "fully at server” case. However, with sufficient spatial prdyim successive queries (one can expect such
proximity in real workloads), this extra cost can be amortized.

To examine this issue, we fire a sequence of queries starting at somenraodd in the spatial extent, and directing
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the next sety) of queries very close to that (so that it can be satisfied locally by the kliéft investigate at what values
of y (referred to as spatial proximity) does the "fully at client” scheme startingape benefits for range queries in Figure
10. The investigation examines the effects#for 1 MB and 2 MB.

We can make a couple of interesting observations. We note that the &udirent” execution can become energy-
efficient beyond a certain number of local queries, compared to sending theortted $erver. This number gets higher
(from 115 to 200) as we increase the amount of data that is shippedHeoseitver, which reiterates that we need a lot more
proximity to offset the higher volume of data transfer. Howeves, fally at server” is a clear winner across the spectrum
for performance. The client is much slower than the server, and this differ@rershadows any wireless transmission
cycle overheads that may be incurred otherwise. This is another situdtenewe findenergy and performance criteria
going against each other for optimizatiohe energy cost of wireless communication is much more significant tiean th
performance cost, leading to this disparity.

These results suggest that it is important to store a local copy of abass®lof spatially proximate data items that the
user may need to save on both energy as well as performance.

7 Summary of Results and Future Work

Energy constraints and performance goals are two important criteriartbateeds to keep in mind when designing appli-
cations for mobile systems. The resource-constraints, limited battengy and memory in particular, make it challenging
to write applications that make the modus operandi or access environntesth@w at the desktop or on the road) insen-
sitive to performance. A previous study [2] looked at this issugHerfirst time by examining spatial data indexing - that
can benefit several mobile/location-aware applications - from the energyesftatrpance angles. However, there was a
serious limitation in that study since it was assumed that all the daeaitable on the mobile client and all operations
are directly performed on it (we call this the "fully at client” scheme). Ihi clear if this is feasible in the first place
(because of limited memory) for reasonably large datasets. Further, ongatiastter performance and energy savings by
offloading some or all of the work to a resource-rich server across a venmedaork. In this paper, we have addressed this
important limitation by examining different ways of implementirgmitioning spatial queries between the mobile client
and server, and examining energy and performance benefits, if any, from tipesacyes.

This work (query) partitioning problem in mobile databases and wisedlemmunication is an issue that has been little
explored, and by conducting the first in-depth examination intogtoblem, we have been able to identify several useful
details that can be invaluable for future mobile application development

e It is important to find points in the program for work partitiogin.e. what to offload to the server and what to
do on the client. We do not want to do this at arbitrary points in thezetion since that involves shipping a lot
of state information back-and-forth and can make programming diffiguilth respect to spatial query processing,
we showed four different alternatives for performing the work based loerevthe filtering and refinement steps
are done. It would be useful to also exploit parallelism between client emveisexecutions, though we have not
explored this issue here.

¢ Apart from partitioning the work, it is also important to keep theadabse to the computation that requires it. Else,
a high penalty is paid in both performance and energy for data transfezse €buld be situations where one could
simply download all the data (and even the index) to the client, eitbfer® going on the road, or incur a one-time
cost for downloading this information. It should be noted that rengiis much less expensive than transmission
from the energy viewpoint. Further, the receive cost can be amortizedebsathings over several queries on that
dataset. Even if not all the dataset can fit in the memory, one should tonoldad whatever data can fit, based on
the spatial region that the user may be interested in.

¢ Wireless communication is expensive. If the amount of work to be doneriy small (as in point queries), it is better
- for both performance and energy - to do all of it on the mobile client ag &s the data is accessible locally. One
should go to the server only if the client does not have the data.
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Work partitioning between client and server becomes very important as thenaafaeuork increases (when moving
from point to range queries). In such cases, it makes more sense to p#réorafinement, which is usually more
time consuming for spatial queries on memory resident data, at the seharttetn on the client. Hence, one could
opt to do everything at the server or to do filtering at the client and refinéat server. We find visible evidence of
energy and performance savings with work partitioning for reasonabdass bandwidths that are available today.

Apart from the amount of work, the selectivity of the query also infagsnthe effectiveness of work partitioning.
As the selectivity decreases, the amount of data that needs to be moved bdoktaatbo decreases, favoring the
work partitioning schemes over doing all operations locally on client.

The other factors favoring work partitioning are the relatively stpeed of the mobile client, and shorter transmis-
sion distances. Current server CPU speed offerings are in the 2 GHz réiilgeive handheld/PDA CPUs are in
the 200 MHz range. With time, it is possible that the gap between thénveases, favoring offloading of work.
Shorter transmission distance in a region dense with base statiohelpahe client transmitter consume much less
power.

Energy and performance do not necessarily go hand-in-hand. There are saguatains where we found perfor-
mance savings by an approach, coming at a higher energy cost (e.g. Fig)yeEhg@re are also situations where
there are energy savings, coming at a performance penalty (e.g. Figuieh&d® are several factors governing this
interplay, and the most important of these (that dominate over mbstsjtare the energy and performance costs
of communication. We find that the energy overhead that one incurs foreasre&lommunication (particularly in
transmission) plays a more dominant role than its performance overhead

By identifying a set of issues and strategies that need to be investigapedtitioning the work between a client and
server across a wireless network, we hope to provide a more systeragitid designing and implementing applications for
this environment in a performance and energy efficient manner. This effotéisled to be the first step towards this goal,
and there are several issues that warrant further investigation. Thisl@scvork partitioning techniques that can exploit
parallelism and pipelining, consideration of other spatial queries, pocation of broadcast (widely shared information)
into our framework, and examining issues when data is frequentlyfraddand the latest copy needs to be obtained from
server). We intend to incorporate the lessons learned from these simidiegelop an actual mobile/ubiquitous SDBMS
implementation.
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