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Abstract

Emergingwebapplicationsareincreasingly serving dynamiccontent generatedby querying back-enddatabaseservers.
The servingof dynamic content can be scaled by offloading applications and caching data at edgeservers. In recent
work, weproposed a persistent and self-managing edge-of-network datacachethat is dynamically populatedbased on the
application query stream and stored locally in a persistentdatabase. In this paper, we discussthe challengesof cache
maintenancein such a dynamic environment,focusingon replacement issuesin the presenceof update-basedconsistency
protocols. We describe how our experiencewith a real prototype,built using a JDBC driver and DB2, highlights the
limitationsof traditional approaches. Furthermore, we proposea cache replacement mechanismandpolicy that address
thesechallenges.

1 Introduction

Dataaccessedvia the Webis increasingly dynamic,generatedon-the-fly in responseto a userrequest or customerprofile.
Examplesof suchdynamic dataincludepersonalizedwebpages,targetedadvertisementsor online e-commerceinteractions.
Dynamic datais servedusinga 3-tiered architecture consisting of a webserver, anapplication server anda database;data
is stored in the databaseand is accessedon-demand by the application server components and formattedand delivered to
theclient by the webserver. To improve scalability and performance,caching at edgeservershasbeenwidely deployedon
thewebfor staticHTML pages.For dynamiccontent, which requiresdatabaseaccesses, cachesare typicall y by-passedby
marking the contentuncacheable. Recent work hastargetedextending the static caching concept by storing the resultof a
dynamic web requestasHTML fragmentsor otherformatsindexedby theexact URL string or HTTPrequestheader[11,9].
Consistency andcache spacemanagement issues,however, caneasily limit the scalability of theseschemes.

In morerecent architectures, theedgeserver (whichcollectively refers to client-sideproxies, server-sidereverseproxies
at the edgeof the enterprise,or cacheswithin a content distribution network(CDN) [1]) actsasan applicationserver proxy
by offloading application components (e.g., JSPs, servlets, EJBeans) to the edge [7]. Databaseaccessesby theseedge
application components,however, are still performed acrossthe wide areanetwork. To accelerateedge applications by
eliminating wide-areanetwork transfers, we have recently proposedand implementedDBProxy, a databasecache that
dynamically and adaptively storesdataat theedge [2]. Since theedgeserver is limited in resourcesof spaceandprocessing
power, we rely on efficient cachereplacement policies andmechanisms to keeponly the most beneficial datain the local
databasecache. Cachereplacement for physical page-based caches,staticfiles, and read-only semantic cacheshasbeen
thoroughly studied in the literature. Yet, it introducesnew challengesin the context of a persistent edge cache containing
a largenumber of changing and overlapping “materialized views” of previous query results. This is because locally stored
data canbesharedby multiple cached“views”, and can be updatedby a cacheconsistency protocol.

In this paper, we review the design of the dynamic edge datacache in Section2, discussthe limitations of traditional
approachesto cache replacementand offer alternative solutions in Section 3, briefly review relatedwork in Section4, and
summarize thepaper in Section 5.

2 Background

Weassumein this discussion thatapplicationcomponents(e.g., servlets) arerunningontheedgeserver(e.g., using theIBM
WebSphereEdge Server [7]). The edgeserver receivesHTTP client requestsand processesthemlocally; passingrequests
for dynamiccontentto application componentswhich in turn accessthedatabasethrough a JDBC driver. The JDBC driver
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Figure 1: DBProxy key components. Thequery evaluatorin-
tercepts queriesand parsesthem. The cacheindex is invoked
to identify previously cachedqueriesthatoperatedon the same
table(s)and column(s). A query matching module establishes
whetherthenew query’sresultsarecontainedin theunion of the
data retrieved by previouslycachedqueries.A localdatabaseis
used to store thecacheddata.
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Figure2: Localstorage: Thelocal itemtableafterthequeries
Q1 andQ2 areinsertedin the cache. The first threerows are
fetchedby Q1 andthemiddle threearefetchedby Q2. Since
Q2 did not fetch the cost column, NULL valuesareinserted.
Thebottomtwo rows werenot addedto thetableasa partof
queryresultinsertion,but by the updatepropagationprotocol
which reflects UDIs performed on theorigin table.

managesremote connections from the edge server to the back-end databaseserver, andsimplifies application dataaccess
by buffering result sets,and allowing scrolling andupdatesto be performedon them.

2.1 DBProxy overview

We designed and implemented an edge datacache, calledDBProxy, asa JDBC driver which transparently intercepts the
SQL call s issuedby application componentsexecutedon the edge and determinesif they canbe satisfied from the local
cache(shown in Figure1). DBProxy is designedto bedeployedon edgeserverswhichcould numberin thetensto hundreds.
Consequently, it needsto be self-managing to limit the administrative overheadsof a largescaledeployment.Furthermore,
eachedgeservercould serveadifferent population (i.e.,mayobserveadifferent accesspattern) and could containdifferent
resource constraints, making manual optimizations impractical. To make DBProxy asself-managing aspossible, while
leveraging the performancecapabilitiesof mature database management systems,we chose to designDBProxy to be: (i)
persistent, sothat resultsarecachedacrossinstantiationsand crashesof theedgeserver; (ii) DBMS-based, utilizing astand-
alonedatabasefor storageto allow for the efficient execution of complex local queries; (iii) space-efficient, storing query
results in common tables to avoid redundancy whenever possible; (iv) dynamicallypopulated, populating thecache based
ontheapplicationquerystreamwithout theneedfor pre-definedadministrator views; and (v) dynamically pruned, adjusting
theset of cachedqueriesbased on availablespaceandrelativebenefitsof cachedqueries.

2.2 Common store

Data in a DBProxy edge cache is stored persistentlyin a local stand-alone database. The contents of the edge cache
aredescribed by a cache index containing the list of queries. To achieve spaceefficiency, datais stored in shared tables
whenever possible suchthatmultiple query results sharethe same physical storage. Queries over the same base table are
stored in a single,usuallypartially populated, cachedcopy of thebasetableat theorigin server. Join querieswith thesame
join condition and over thesamebasetablelist arealsostoredin thesamelocal table. This schemenot only achievesspace
efficiency but alsosimplifies the taskof consistency maintenance,asdiscussedbelow. When a query is worth caching, a
local resulttable is created(if one doesnot already exist) with asmany columns asselectedby thequery. The column type
and metadatainformation areretrievedfrom theback-endserverand cachedin a localcatalog cache. For example, Figure2
showsa local tablecachedat theedge.The local itemtable is createdjustbefore inserting thethreerowsretrievedby query
Q1 with theprimary key column(id) and thetwo columnsrequested by thequery (cost and msr p). All queriesarerewritten
to retrieve theprimary key so that identical rows in thecachedtableareidentified. Later, to insertthe threerows retrieved
by Q2, the table is altered if necessaryto add any new columns not already created. Next, new rows fetched by Q2 are
inserted(id + 450 , 620) and existing rows (id + 340) are updated. NotealsothatsinceQ2 did not selectthe cost column,
a NULL value is insertedfor thatcolumn. The query matching module ensuresthat the queriesexecutedagainst the cache
do not return any of the “f ake” NULL valuesin local tables.To handle a large andvarying setof cachedviews, thequery



-.-.-.-.-.--.-.-.-.-.-/./././././/./././././0.0.0.0.0.00.0.0.0.0.01.1.1.1.11.1.1.1.1

cost msrp availid

2.2.2.2.2.22.2.2.2.2.22.2.2.2.2.22.2.2.2.2.23.3.3.3.33.3.3.3.33.3.3.3.33.3.3.3.3 4.4.4.4.44.4.4.4.44.4.4.4.44.4.4.4.45.5.5.5.55.5.5.5.55.5.5.5.55.5.5.5.5 6.6.6.6.66.6.6.6.66.6.6.6.66.6.6.6.67.7.7.7.77.7.7.7.77.7.7.7.77.7.7.7.78.8.8.8.8.88.8.8.8.8.88.8.8.8.8.88.8.8.8.8.89.9.9.9.99.9.9.9.99.9.9.9.99.9.9.9.9

:.:.:.:.:.::.:.:.:.:.::.:.:.:.:.:;.;.;.;.;;.;.;.;.;;.;.;.;.; <.<.<.<.<<.<.<.<.<=.=.=.=.==.=.=.=.=>.>.>.>.>>.>.>.>.>>.>.>.>.>?.?.?.?.??.?.?.?.??.?.?.?.?
@.@.@.@.@.@@.@.@.@.@.@A.A.A.A.AA.A.A.A.AB.B.B.B.B.BB.B.B.B.B.BC.C.C.C.CC.C.C.C.C

D.D.D.D.D.DD.D.D.D.D.DE.E.E.E.EE.E.E.E.EF.F.F.F.F.FF.F.F.F.F.FG.G.G.G.GG.G.G.G.GH.H.H.H.H.HH.H.H.H.H.HI.I.I.I.II.I.I.I.IJ.J.J.J.J.JJ.J.J.J.J.JK.K.K.K.KK.K.K.K.K
L.L.L.L.LL.L.L.L.LM.M.M.M.MM.M.M.M.MN.N.N.N.N.NN.N.N.N.N.NN.N.N.N.N.NO.O.O.O.OO.O.O.O.OO.O.O.O.O P.P.P.P.PP.P.P.P.PQ.Q.Q.Q.QQ.Q.Q.Q.Q

R.R.R.R.R.RR.R.R.R.R.RS.S.S.S.S.SS.S.S.S.S.ST.T.T.TT.T.T.TU.U.U.UU.U.U.U V.V.V.V.VV.V.V.V.VW.W.W.WW.W.W.WX.X.X.X.XX.X.X.X.XY.Y.Y.Y.YY.Y.Y.Y.Y Z.Z.Z.ZZ.Z.Z.Z[.[.[.[[.[.[.[ \.\.\.\.\\.\.\.\.\].].].]].].].]^.^.^.^.^^.^.^.^.^_._._._.__._._._._
`.`.`.`.``.`.`.`.`a.a.a.a.aa.a.a.a.a b.b.b.bb.b.b.bc.c.c.cc.c.c.c d.d.d.d.dd.d.d.d.de.e.e.ee.e.e.ef.f.f.ff.f.f.fg.g.g.gg.g.g.g h.h.h.hh.h.h.hi.i.i.ii.i.i.i j.j.j.j.jj.j.j.j.jk.k.k.k.kk.k.k.k.kl.l.l.ll.l.l.lm.m.m.mm.m.m.m n.n.n.nn.n.n.no.o.o.oo.o.o.o p.p.p.p.pp.p.p.p.pq.q.q.q.qq.q.q.q.q

r.r.r.rr.r.r.rr.r.r.rr.r.r.rs.s.s.ss.s.s.ss.s.s.s t.t.t.t.tt.t.t.t.tt.t.t.t.tt.t.t.t.tu.u.u.u.uu.u.u.u.uu.u.u.u.uv.v.v.vv.v.v.vv.v.v.vv.v.v.vw.w.w.ww.w.w.ww.w.w.w

cost msrpid

{

{

row updated/inserted

propagate to edge

manager
Consistency

query result (Q   )

query result (Q   )

after Q    and Q    executed
A B

B

A

Origin server
origin.itemedge.item

Edge cache

insert into table

Figure3: Updatepropagationin DBProxy. Thefigureshowsa table in theorigin databaseserver (item), and itspartially populatedcopy
in the edgecache.Query results over the tableareinsertedin the cache. Whena row is inserted,updated, or deleted in the origin, the
changeis reflectedin the cachewithout evaluating whethertherow matchesany of thecachedpredicates.

matching engine of DBProxy mustbehighly optimizedto ensure a fast responsetime for hits. Cachedqueriesin DBProxy
areorganizedaccording to amulti-level index of schemas,tablesandclauses for this purpose.

2.3 Update propagation

Updatetransactions in DBProxy arerouted to the back-end databasewithout applying themfirst to the edge cache,and
aretherefore guaranteedtransactional semantics. Read-only queries in DBProxy aresatisfied from the cache if the data
is locally available. Dataconsistency is ensuredby subscribing to a streamof updatespropagatedby theback-end server.
Specifically, thecacheguaranteesδ-consistency, thatis, theview exported by thecachetoaquerycorrespondsto aconsistent
past databasestate that is within δ time units. Other important propertieslike view monotonicity and immediate update
visibility arealsoguaranteed and theprotocols that ensurethemare described in [2]. It suffices to noteherethat the edge
datacachecanbeupdatedalong two pathsasshown in Figure3: thefirst is throughtheinsertion of anew queryresultupon
a query miss,andthe second is through the streamof refresh messagespropagatedby the origin server. Refreshmessages
containupdates,deletesandinserts which are applied to the edge server’s partially populatedcachedcopiesof the origin
tables, without first checking if the tuplespropagatedto the cachesatisfythepredicate of any cachedquery. We found that
sucha checkcaninduce significant overheaddue to thepotentially large numberof cachedqueriesand the complexity of
query predicates.This is illustratedin Figure 2, where the two bottom rows in thetableare insertedafterbeingpropagated
from theorigin becausethey were writtenby anupdatetransaction. No checkis made asto whether these rows match the
predicatesof queriesQ1 or Q2. Excessrowsinsertedin the table must laterbe“garbagecollected”by thecachereplacement
process.

3 Cache replacement

To limit space overheadand optimize the usageof usuallylimited edgeresources,the cachespacehasto bemanagedsuch
that unused datagetsevicted safely while preserving dataconsistency. Specifically, the goal of cachereplacement is to
maximize thebenefit of the cache for a limited amount of availablespace.The cachereplacement component of DBProxy
consists of a replacement policy, that determineswhat to replace,anda replacement mechanism, that determines how to
remove thedata.

3.1 Replacement policy

Thefunctionof thecachereplacementpoli cy is to determinethesetof queriesto replacefromthecache.Cachereplacement
policieshavebeenextensively studiedin dif ferentareas,from virtual memory and file buffer caching to, morerecently, web
caching. The policy we useis a combination of previous approachesand is most suited for edge datacaching wherethe
query processing costs andsizesaredifferent. Givena spaceconstraint, our policy triesto maximize the benefit of storing
thequery resultslocally for the cost of the spaceused,similar to thetraditional knapsack problem of optimizing the cost-
benefit. Determining the benefit of a query depends on multiple factors,namely: i) recency of access (that is the factor



usedin theLRU policy); ii) frequency of access (that is usedin theLFU policy and is useful for skewedaccess patterns);
iii) miss cost versus hit cost (especiallysincethe query execution costs arehigh and variable); and iv) the frequency of
updates(sinceanupdateaddsto theoverheadof caching). Weuseanestimatedaccess frequency measure thatbalancesthe
recency of access(using the lastaccesstime) and the frequency of access.Combining theabove setof factors, the benefit
of maintaining anobject in thecache is proportional to theestimatedaccess frequency and the differential missprocessing
cost, and is inverselyproportional to the updatefrequency. The updatefrequency term is maintainedat thelevel of tables.
The benefitof query is thenoffsetby its space overhead.

Borrowing fromthegreedy heuristic usedin theknapsacksolution for replacing querieswith variabledata-setsizes, we
orderthequeriesbasedon theratioof benef it

space used. Theobjectswith thesmallestratioarethenmarkedfor removal. While the
parametersin thebenefitcomputationcanbe estimatedby maintaining various statistics, thespaceoverheadof a query, as
wediscussin Section3.4, is morechallenging to computeaccurately becausequeriescanhavemultiple overlapping tuples,
i.e., thesamerow can“belong” to many cachedqueries.

3.2 Replacement mechanisms: Challenges

The replacement mechanism is the processby which the tuples belonging to queries marked for eviction are removed
from the local database tables. This process is complicatedby several factors including: the shared storagestrategy, the
containment checking overheadandthe consistency policy used.

3.2.1 Shared store

Recallthat thetuplesbrought in by different queriesarestored in common tablesasfar aspossible. In contrastto traditional
replacementof filesandmemory pages, theunderlying tuplescanbesharedacrossmultiple queries in thecache. Consider
thequeriesQ1 and Q2 of Figure 2, wheretheresult setof query Q1 containsrows with id x 5,120,340 y andthe resultset of
queryQ2 contains rowswith id x 340, 450, 620 y . If query Q2 is to be replaced while Q1 remains in thecache,thenonly the
rowswith id x 450,620 y canberemoved. Thespacegainedwill be thatof thetwo rowsdeletedand not thesizeof theentire
query which was3 rows. In generalthe replacement mechanismshould support thefollowing property.

Property 1 Whenevicting a victimqueryfromthecache, theunderlyingtuplesthat belongto thequerycanbedeletedonly
if no other querythat remainsin thecacheaccessesthe sametuples.

Read-only lazy replacement: If we assumethat theback-end database is read-only (i.e., there areno updates),a simple
“counter” based mechanism that counts the number of referencesto a given tuple, canbe usedto evict queriesthat share
common tuples in the local table. When a new tuple is insertedinto the local table, a reference counter for that tuple
is incremented. When a query is marked for deletion, the reference counter for a corresponding tuple is decremented.
Eventually, a tuple is “lazily” deletedwhenits referencecounterbecomeszero, i.e., thereare no queries in the cache that
accessthat tuple. Theassumption of aread-only databaseis obviouslyunrealistic in practice.Next, werelaxthis assumption
and discusstheimplicationsof updatesfor the replacement policy andmechanism.

3.2.2 Containment checking

Whena new query is received by the cache, the query matching module (shown in Figure 1) verifies whetherthe new
query’s predicateis more restrictive than(i.e., is contained in) thatof a cached query’s predicate. Furthermore, thequery
matching module ensures that thecached query hasretrieved all the columns required to evaluatethe new query over the
local cache.Thequery matching modulecancheckif anew predicateis containedin theunion of several cachedpredicates.
In caseof a miss,the query is cached and its predicateand other clauses are added to the cacheindex. A new query can
potentially overlapwith alargenumber of cachedqueries,but no attempt is madeto computeor maintain information about
this overlap. One approachto eliminatetheproblem of common tuplesbetweenqueriesis to partition the tuplesinto non-
overlapping setsandindex each setseparately in the cache[3]. This approach, though theoretically possible, adds to the
overheadof thecontainment checker, and wefoundthat it wasnot practicalwhenthenumberof querieswaslarge. Splitting
thequeries increasesthe terms in thepredicateclauses wherefor every pair of queriesQ1 and Q2, their “ intersection” set
Q1 z Q2 is indexedasQ1 AND Q2. Sinceeachquery canintersect with multiple queries,thecomplexity of theclausein the
number of terms,grows linearly with the number overlapping queries. The number of non-overlapping sets,on the other
hand, grows exponentially with the number of queries. The containment checker is optimized to quickly find a matching
query by usingan index hierarchy startingwith the tablenamesand the column namesusedby thedifferent clauses.This



quickly narrows the number of queriesto checkfor a full containment. For overlap checking, on theother hand, thesetof
possible queriesis muchlarger. Apart from the performanceissue,anotherproblem with assuming non-overlapping query
setsarisesbecauseof consistency maintenancewhentheback-end databaseis not read-only. Whenever tuplesin thecache
areupdated, their membership in thenon-overlapping sets maychange.

3.2.3 Consistency management

The consistency manager, asdescribed earlier, propagatesall changes(UDIs) to theback-endtablesthat have beencached
at theedge server. The updateof a tuple in anedgecache may make it matcha larger (or smaller) number of cachedquery
predicates. It is possiblethat anupdatedtuple ceasesto beuseful, becauseit no longermatchesany cachedpredicate.The
replacement policy selectsqueries for removal, and the replacement mechanism must remove the underlying tuples that
belong to these queries’ results but do not belong to the results of any queries that areto remain in the cache. Moreover,
thereplacementmechanism should also evict any rows inserted by the consistency manager thatdo not matchany query’s
predicate. For example, the rows in Figure2 with id { 770,880 | , thatwere insertedby theconsistency manager but which
did not belong to either query’s result set,should be evicted. In general, thefollowing property should hold.

Property 2 The tuples insertedby theconsistency manager that do not belong to any of theresults of thecachedqueries
areeventually garbage collected.

Thefollowing observationaffectsthechoice of the replacement mechanism and the containment checking strategy:

Observation 1 The set of tuples forming the result of a cached a query can change dynamically due to possibleUDI
operationsat theback-end that are propagatedto thelocal database.

This observation says that the membershipof cachedtuples in query resultscanchange dynamically, which implies
that maintaining explicit informationabout this membershipor its overlap is not desirable. In particular, the lazy removal
approachdiscussedabove, which usesareferencecounterwill not havethecorrectcountervalue if thetuplesareadded and
updatedby theconsistency manager. Creatingnon-overlapping setsbecomesnon-trivial when theconsistency managercan
add or updatetuples. OnaUDI, the tuplebelonging to aquerycanchange;sincedetermining thereversemapping, whether
a tuple belongsto aquery’s result set,requires there-evaluation of thequery predicateover the new tuple, we cannot easily
maintainaccurateinformation about the membershipof a tuple in oneof thenon-overlapping sets.

3.3 Proposed mechanism: Group replacement

We proposea replacement mechanism that proceeds asa background processconcurrently with query hit and misspro-
cessing. The ideais to perform pro-active cleaning such that thecache space usage never exceeds a maximum threshold.
Thusreplacement, in our architecture, is not triggeredwhen thereis no spaceto insertthe missresults. While a thorough
discussion of alternativemechanismsfor replacement is thesubjectof ongoing work, webriefly describehereoneparticular
and promisingmechanism,called group replacement, which is simple to implement andadds no overhead on hit, miss, or
updatepropagation. Thebasic ideaof groupreplacement is to execute thequeries thatareto remain in thecacheagainstall
thelocally cachedrows, “marking” any rowsthatmatchany of thequeries’ predicates. A control column, usedas“marked”
flag, is createdin eachcached table. This flag is first resetat the beginning of the group replacement cycle, and is set
whenever therow is accessedby thecachedquery. Once all cachedqueriesareexecuted, any unmarkedrowscanbesafely
deleted.Group replacement is usedin conjunction with a replacementpolicy to determine thesetof “vic tim” queriesto be
deleted.Notethatthe overheadof group replacement is linearin the numberof queriesthat remainin the cache.

3.4 Determining query size

Thereplacement mechanismsrely onthereplacementpolicy to determinethequeryor setof queriesto replace. As described
earlier, onefactor usedby thereplacementpolicy, whenhandling varying sizeddata-sets,is thesizeof the query. However,
due to overlapping tuplesbetweenqueries,determining the number of tuplesthatwill get replacedis not straightforward.
In particular, thefollowing observationholds.

Observation 2 Theactual number of tuples of a query that can be garbage collecteddepends on the setof queriesthat
remain in the cache.



The above observation highlights the complexity of using the size as a factor to determine the set of queriesto be
replaced. It resultsin a circular dependency—the replaceablesizedependson what remainsin thecacheandwhat remains
in the cache depends on the ordering by the ratio of benefit to size. We assume, initially, that the total size of the query
(as determined by the number of tuples hit in the last access) is a good estimator of the replaceable size of the query.
Another approachis to evaluateeachquery and determine its count of “exclusive” (non-overlapping) tuples with respect
to all theotherqueriescurrently in the cache. This is a high overheadoperation, requiring a counter to bemaintained for
eachtuple to represent thenumberof queriesthataccess that tuple. Usingthis counter, a re-execution of the query canbe
usedto determine thesetof “exclusive” tuples that thequery accesses, which becomesa measure of the replaceablesize.
Thesetwo approaches—total size and exclusivesize— form two endsof thespectrum of heuristics usedto determine the
replaceable sizeof a query. An intermediateapproach is to order thequeriesby benefit (without using size asa factor) and
then re-executing eachquery in descending order of benefit while counting thenew tuplesaccessedby aquery to represent
its replaceable size.We are evaluating this andotherapproachesin our ongoing work.

4 Related work

Client-server database systemshave alsoaddressedreplacement issuesin page-basedand tuple-basedclient caches[5, 6].
Replacement in a cache indexedby semantic units such asviews or query resultsintroduces different challenges, however.
Semantic cacheshave beenproposedin client-server databasesystems [3] but that work addressedonly read-only caching
and useda differentstorageimplementation. Predicate-basedcaches[8] addressedsimilar issues,but optedfor a different
approach to consistency maintenance. Tuples propagatedasa result of UDIs performed at the origin arematchedwith
all cached query predicatesto determine if they should be insertedin the cache. A simplified form of semantic caching
targeting web workloadsand using queries expressed through HTML formshasbeenrecently proposed[11], but this work
did not address consistency or replacement. The caching of query resultshasalsobeen proposedfor specific applications,
suchashigh-volume major eventwebsites[4, 10]. The setof queriesin suchsitesis known a priori and the resultsof such
queries are updatedandpushedby the origin serverwhenever thebasedatachanges.

5 Summary

Dynamic caching of dataon edgeserversbasedon theapplication query stream promises to beanadaptivecaching solution
with a low administrativeoverhead.Wehave implementedaprototypeof acaching systemwhichmaintainspreviousquery
results in sharedtableswheneverpossible. In this paper, wediscuss thechallengesof cachemaintenancein such adynamic
environment, focusing onreplacement issuesin thepresenceof consistency guarantees.Wedescribeaconsistency protocol
which propagatesUDIs performed on the origin databaseover cached tablesto the edge cachewithout first checking
whetherthe new tuples matchthe cached query predicates.A “group replacement” mechanismoperates in thebackground
and removesall excess tuplesfrom the cache. We discuss the challengesof devising a cache replacement policy for such a
dynamic environment and proposeinsights into addressingthesechallenges.
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