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Abstract

Emegingwebapgdicationsare increasingly servirg dyramiccortent gereratedby quenjing back-end databaseservers.
The servingof dynamic cortent can be scded by offloading apdications and caching data at edgeservess. In recen
work, we proposel a persitent and self-managig edge-d-network data cachethat is dynamicdly populatedbasel on the
apgication query stream and stored locally in a persistentdatabase. In this paper we discussthe challengesof cache
maintenacein such a dynamic ervironment,focusing on regdacemenissuesn the preserme of update-tasedconsistency
protocds. We de<ribe how our experiencewith a red prototype,built usinga JDBC driver and DB2, highlights the
limitations of traditiond approaches. Furthermore, we proposea cache regdacemen metanismand policy that address
thesechallenges.

1 Introduction

Dataacessedvia the Webis increasindy dynamic, gereratedon-the-fly in respmseto a userrequed or customer prdfile.

Exampesof suchdynanic datainclude persoralizedwebpages,tamgetedadvertisematsor online e-<commerceinteractions.
Dynamic datais served usinga 3-tiered arclitecture consisting of a web server, an apgication server anda databasegata
is storedin the datalaseard is accessedn-demard by the application server conponerts ard formattedand delivered to
theclient by the webserver. To improve scalability and pefformarce, caching at edge servershasheenwidely dedoyedon

thewebfor staticHTML pages. For dynamic contert, which requiresdatabaseaccessesactesare typicdly by-passedy

marking the cortentuncachealtle. Recent work hastargetedexterding the static cachirg concept by storing the resultof a
dynamic web requestasHTML fragmerts or otherformatsindexedby the exad URL string or HTTP requestheader|11, 9].

Corsisteny andcache spae managmer issues,however, caneasily limit the scalalility of theseschenes.

In morerecen architectures the edge sener (which collectively refersto client-side proxies, sener-side reverse proxies
atthe edgeof the enterprise, or cacheswithin a contert distribution network(CDN) [1]) actsasan applicationsener proxy
by offloading application conponerts (e.g., JSP, sewlets, EJBears) to the edge [7]. Databaseaccesseby theseedge
application components, however, are still performed aaossthe wide areanetwork. To acceleate edye applications by
eliminating wide-areanetwork trarsfers, we have recenly proposedard implementedDBPraxy, a datatasecacte that
dynamically and adagively storesdaa atthe edge[2]. Sincethe edgeserverislimitedin resoucesof spaceandprocessing
power, we rely on efficient cachereplacemen padlicies and mectanisns to keeponly the most bereficial datain the local
daabasecade. Cachereplacenert for physical pagebased cactes, staticfiles, and read-only sematic cacleshasbea
thoroughly studiedin the literature. Yet, it introducesnew challengesin the context of a persigert edge cache containing
alarge number of charging ard overlapping “materializel views” of previous quely resuts. This is becatse locally stored
daa canbe shaed by multiple cacted“views’, ard can be updatedby a cachecorsistercy protocol.

In this paper we review the desig of the dynamic edye datacacke in Section2, discussthe limitations of traditioral
approactesto cacte redacenentand offer altemative soluionsin Section 3, briefly review relatedwork in Section4, and
summatize the paperin Sectio 5.

2 Background
We assunein this discusson thatapplicationcompanents(e.g, sentets) arerunningontheedge server (e.g., using the IBM

WebSphereEdge Sewer [7]). The edgesenerreceivesHTTP client requestsard procesgsthem locally; passingequeds
for dynamic contentto apgication componentswhichin turn accesshe datalasethrough a JDBC driver. The JDBC driver
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Figure 1: DBProxy key compaerts. The query evaluatorin-
terceps queriesand parsesthem. The cacheindex is invoked
to identify previously cachedqueiesthatoperatedon the sane
table(s)and columr(s). A quay matcting modue estattishes
whetherthe new quey’sresultsarecontainedn the union of the
daaretrieved by previously cachedqueries.A local datalaseis
usdl to store the cacheddata.
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Figure 2: Localstorage Thelocalitemtableafterthequeries
Q; andQ, areinsertedin the cache. The first threerows are
fetched by Q; andthe middle threearefetchedby Q,. Since
Q2 did not fetchthe cost colurm, NULL valuesareinserted.
The bottomtwo rows werenot addedto the tableasa partof

gueryresultinsertion,but by the updatepropagationprotocol

which refleas UDIs performel on theorigin table.

managesremde comectins from the edge server to the backerd databasesener, andsimplifies apgdication dataacces
by buffering reault sets,ard allowing scrdling andupdatesto be performedon them.

2.1 DBProxy overview

We desgned and implemened an edge datacade, called DBPraxy, asa JDBC driver which transpaently intercepts the
SQL cdlsissuedby application componentsexeauted on the edge ard determinesif they canbe satidied from the local
cacte (shownin Figurel). DBPraxy is desigredto bededoyedon edgeserverswhich could numberin thetensto hundreds.
Corsequently, it nealsto be self-managdng to limit the administrative overheadsof alarge scaledeployment. Furthernore,
eachedge sener could serve adifferert population (i.e., may obsene a different accesspatterr) ard could containdifferent
resaurce constrants, making marual optimizations impractical. To make DBProxy as self-marmaging as possble, while
leveraging the performance cambilities of mature datatase managment systems we chase to designDBPraxy to be: (i)
persigen, sothatresultsarecactedaciossinstantiatioisand crastesof the edyeserver; (i) DBMS-basedutilizing astand
alone datatasefor starageto allow for the efficient exeaution of complex locd queiies; (iii) spa@-eficient, stoling quety
resuts in common tabdesto avoid redundarcy whenever passble; (iv) dynamically populated populating the cacle based
ontheapgication query streamwithout the needfor pre-cefinedadninistrata views; and (v) dynanically pruned adjusting
the set of cached queriesbased on availal e spaceandre ative berefits of cached queries.

2.2 Common store

Datain a DBProxy edge cacheis stored persistentlyin a local stard-alone database The conterts of the edge cacle
arede<ribed by a cache index containing the list of queries. To achieve spaceefficiency, datais stored in shaed tables
whenever possible suchthat multiple query results sharethe sane physical storage. Queries over the sane base table are
storal in asingle, usuallypatially populated cacted copy of the basetableatthe origin sener. Join querieswith the same
join condition and over the same basetablelist arealsostoredin thesamelocd tade. This sclemenat only achievesspace
efficiency but alsosimplifies the task of consisteng mairtenarce, asdiscusseddow. When a query is worth caching, a
local resulttalde is createdif one doesnat alrealy exist) with asmary columns asselectedy thequery. The cdumntype
ard metadatainformation areretrievedfrom the back-endserver ard cactedin alocal catala@ cacle. For examgde, Figure 2
shavsalocd tablecachedatthe edge. The localitemtalde is createdust before inserting thethreerows retrieved by quety
Q1 with the primary key column (id) and thetwo columns requeged by the query (cog and mg p). All queriesare rewritten
to retrieve the primary key so thatidentical rows in the cacledtableareidertified. Later, to insertthe threerows retrieved
by Q, thetableis altered if necessaryo add ary new cadumns not alreay creded. Next, new rows fetched by Q, are
inseted (id = 450,620) and existing rows (id = 340) are updated Note alsothatsince Q, did nat selectthe cog column,
aNULL valueis insertedfor thatcoumn. The query matching module ensuesthatthe queriesexecued against the cacle
donat return ary of the “fake” NULL valuesin local tables.To hardle a large andvarying setof cachedviews, the query
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Figure 3: Updatepropagationin DBProxy. Thefigure shows atable in the origin datalasesener (item), and its partially populatedcopy
in the edge cache. Quey reslts over the tableareinsertedin the cache. Whenarow is inserted,updated or deleted in the origin, the
changeis reflectedin the cachewithout evaluaing whetherthe row matche any of the cacled predcates.

maching ergine of DBProxy mustbe highly optimizedto ensue afad respmsetime for hits. Cachedqueriesin DBProxy
areorganizedaccading to amulti-level index of schenas,tablesandclauses for this purpose.

2.3 Update propagation

Updatetransactios in DBPraxy arerouted to the backend datalasewithout applying themfirst to the edye cache, and
aretherefore guararteedtransactioal semartics. Read-only queliesin DBPraxy are satidied from the cacte if the data
is locdly avail able. Dataconsigency is ersured by sulscribing to a streamof updatespropagatedby the bad-end server.
Spedfi cally, thecaheguarntee-consisteng, thatis, the view exported by thecacheto aquery coresppndsto aconsisent
past databasestate that is within & time units. Other important propertieslike view manatonicity and immedate update
visibility arealsoguaranteel and the protocadls tha ensurethem are descritedin [2]. It suffices to note herethat the edge
daa cachecanbe updatedalong two pathsasshown in Figure 3: the firstis throughtheinsertion of anew query resultupon
aquery miss,andthe secmd is through the streamof refresh mesagespropagatedby the origin server. Refreshmessages
contain updates,deletesandinsets which are applied to the edge sener's partially populated cachedcopiesof the origin
tabes, without first checking if the tuplespropagaedto the cachesatisfythe predicde of any cachedquety. We found that
sucha checkcaninduce significant overheaddue to the potertially large number of cacked queriesand the complexity of
guery predcates.Thisis illustratedin Figure 2, where the two bottom rows in thetableare inserted after being propagated
from the origin becausethey were writtenby anupdatetransadion. No checkis mack asto whethea these rows match the
predicatesof queriesQ; or Q». Excessrowsinsertedin the talle must laterbe “ garbage cadlected” by the cacke redacement
process.

3 Cachereplacement

To limit spae overhead and optimize the usageof usuallylimited edge resouces,the cachespacehasto be maragedsud
that unused datagets evicted sakly while presening datacorsigercy. Speifically, the goal of cachereplacenert is to
maximize the bendit of the cacte for alimited anount of availablespace.The cachereplacenert componert of DBProxy
consigds of a redacenent pdlicy, that determneswhatto redace,anda replacenert mecharsm, that detemines how to
remove the data.

3.1 Replacement policy

Thefunction of the cacherepgacemnentpdlicy is to detemine the setof queriesto replacefromthe cade. Cacherepgacemet
podlicies have beenextersively studiedin differentareasfrom virtual menory and file buffer caching to, more recertly, web
cachng. Thepdlicy we useis a combination of previous approachesand is most suited for edge datacachirg wherethe
guery processig costs andsizesaredifferent. Givena spae constraint, our policy triesto maximize the berefit of storing
the queryresultslocally for the cost of the spaceused,similar to the tradtional knapsack problem of optimizing the cost-
benefit. Detemining the benefit of a query depends on multiple factors, namely. i) receny of acces (thatis the facta



usedin the LRU pdlicy); ii) frequercy of acess (thatis usedin the LFU policy and is usefil for skewed acess pattens);
iii) miss cast versus hit cost (especiallysincethe quety exeaution caosts are high and variable); and iv) the frequeng of
updaes(sinceanupdateaddsto the overheadof cading). We useanestimatedacess frequerncy measue thatbalanesthe
receng/ of accesgusing the lastaccesgime) and the frequency of access Conbining the alove setof factas, the benefit
of maintairing anobjectin the cacte is proportional to the estimatedaccess frequercy and the differertial missprocessing
cost, and is inversely proportional to the updatefrequercy. The updatefrequeng tem is mairtainedat the leve of tades.
The benefitof query is thenoffsetby its spae overhead.

Borrowing fromthe greed/ heuistic usedin the kngpsacksoluion for repladng querieswith varisble datasetsizes we
orderthe queriesbasedn theratio of Spk;ﬁgi';ed. Theobjectswith the smallestratio arethenmarkedfor removal. While the
parametersin the benefitcomputation canbe estimatedby mairtaining various statistts, the spae ovetheadof a quely, as
we discussin Section3.4, is more challerging to compute accuatdy becauseajueties canhave multi ple overlagping tuples,
i.e,, thesamerow can“belong’ to mary cactedqueries.

3.2 Replacement mechanisms: Challenges

The replacenent mectarism is the processby which the tuples belonging to queties maiked for eviction are renoved
from the local datalase tables. This process is complicated by several factors including: the shared storagestrategy, the
contairmert checking overheadandthe consigercy policy used

3.2.1 Shared store

Recallthatthetuples brought in by differernt queriesare storal in conman tablesasfar aspossble. In contrastto traditioral
redacenentof filesandmemay pages, the underlying tuples canbe shaed aciossmultiple queries in the cacte. Consider
the queries Q1 and Q. of Figure 2, wherethereallt setof query Q; containsrows with id {5,120,340} andthe resultset of
query Q2 contairs rows with id {340, 450, 620}. If query Qz is to be replacel while Q1 remairsin thecade,thenonly the
rowswith id {450,620} canberemoved The spacegainedwill be thatof thetwo rows deletedand not the sizeof theertire
guery which was 3 rows. In gereralthe replacenert mechanismshauld support the following property.

Property 1 Whenevicting a victim queryfromthe cache, theunderlyingtuplesthat belongto the querycanbedeletedonly
if no other querythat rermainsin the cache accessesthe sametuples.

Read-only lazy replacement: If we assumehat the backend databae is read-only (i.e., there areno updates),a simpe
“counter” based medarism that counts the number of referencesto a giventuple, canbe usedto evict queriesthatshae
comman tuples in the local table. Whena new tuple is insertedinto the local tale, a reference counter for that tuple
is incremented When a query is marked for ddetion, the reference counter for a correspnding tuple is decrenented
Evertually, atuple is “lazily” deletedwhenits reference counterbecaneszerq i.e., thereare no queiiesin the cache that
accesthat tuple. Theassumfion of areadonly datataseis obviously unrealistic in practice. Next, we relaxthis assunption
ard discusstheimplicationsof updatesfor the replacenert pdicy andmechansm.

3.22 Containment checking

Whena new query is receved by the cacle, the quety matchirg module (shown in Figure 1) verifies whetherthe new
guery's predicateis more restrictive than(i.e., is contairedin) thatof a cachel query’s predicate. Furthermore, the quety
matching module ersures that the cached quely hasretiieved all the cdumns required to evaluatethe new query over the
local cache. Thequely matching module cancheckif anew predicateis containedin the union of severd cachedpredcates.
In caseof a miss,the query is cached and its predicateand other clauses are added to the cacheindex. A new quey can
patertially overlapwith alargenumber of cacedqueries,but no attenpt is madeto computeor mairtaininformation about
this overlap One approachto eliminatethe problem of comnon tuples beweenqueriesis to patition the tuplesinto non-
ovelapping setsandindex each setseparaely in the cache[3]. This approach though theaeticdly possible, adds to the
overheadof thecontaimmert checker, and we found thatit was nat practicalwhenthe numberof querieswaslarge. Splitting
the queiesincreasesthe termsin the predcate clauses wherefor every par of queiies Q; and Qz, their “intersectio” set
Q1N Q2 isindexedas Q; AND Q. Sinceeach quelty canintersea with multiple queries,the conplexity of the clausein the
number of terms, grows linealy with the number overlagping queties The number of non-ovedappng sets,on the other
hand, grows exponertially with the number of queries. The containment checler is optimized to quickly find a matching
guery by usinganindex hierarchy startingwith the tablenamesand the column narmresusedby thedifferen clauses.This



quickly narrows the numbe of queriesto checkfor afull cortainment. For overlap checking, on the other hand, the setof
possble queriesis muchlarger. Apart from the peiformarceissue, andher problem with assunng non-overlapping quety
setsarisesbecawseof corsistercy manterancewhenthe badk-end databases not readeonly. Wherevertuplesin thecacte
areupdated, their merrbership in the non-ovedappng sets may change.

3.2.3 Consistency management

The consistenyy marage, asdescribel earlier propagatesall charges(UDIs) to the back-endtadestha have beencachel
attheedge sewer. The updateof atuplein anedye cacte may make it matchalarger (or smdler) number of cacled quety
predicates It is possiblethat an updatedtuple ceasedo be usefu, becawseit nolongermatctesary cacted predicate. The
redacenent policy selects queries for removal, and the redacememn mectansm mustrenmove the undellying tuples that
bdong to these queries’ results but do not belorng to the results of ary quelies that areto remain in the cacte. Moreover,
the replacenentmecharism should also evict ary rows inseted by the consisteny marager thatdo not matchany query’s
predicate. For exanple, the rows in Figure 2 with id {770,880}, thatwere insertedby the consisteng marage but which
did not belorg to either query’s reault set,shauld be evicted. In gererd, thefollowing propetty shaild hold.

Property 2 The tuplesinsertedby the consistenyy marager that do not belong to any of the results of the cached queries
are evertually garbage cdlected.

Thefollowing obsenationaffectsthe chdce of the replacenert medarism ard the contairmert checking straegy:

Observation 1 The setof tuples forming the resultof a cached a query can change dynamically due to possible UDI
operationsat the back-erd that are propagatedto thelocal database

This observation says that the memtershipof cachedtuples in query resultscan charge dynamically, which implies
tha maintaining explicit information about this membershipor its overlap is not desirable. In particular, thelazy removal
approachdiscussedbove, which uses areferencecounter will not have thecorrectcountervalue if thetuplesareadded and
updatedby the corsiserncy manager. Creatingnon-overlappng setsbeconesnon-trivial when the consisteny maragercan
add or updatetuples. OnaUDI, the tuple belonging to a query canchange; sincedetermning thereverse mappng, whether
atuple belorgsto aquery sreslut set,requires there-evaluation of the query predcateover the new tuple, we canrot easily
maintain accuateinformation abaut the memkershipof atuple in one of the non-overlagping sets.

3.3 Proposed mechanism: Group replacement

We proposea replacenert mechatsm that proceed asa backgound processconcurently with query hit and miss pro-

cessing The ideais to peiform pro-active cleaning suc that the cacte spa@ usag never exceed a maximum threshold.

Thusreplacenent,in our arcitectue, is not triggeredwhenthereis no spaceto insertthe missresuts. While a thorough
discussion of alternaive mechaismsfor redacemenis theswbjectof ongoing work, we briefly describe hereone particuar
ard promising mectanism,cdled group replacemet, which is simge to implemert andadds no overheal on hit, miss or
update propagaion. The basic ideaof group regdacemat is to execue the queiies thatareto reman in the cacre againstall

thelocally cactedrows, “marking” ary rowsthatmatchary of the queries’ predicaes. A cortrol column, usedas“marked’

flag, is createdin each cacted tade. This flag is first resetat the beginning of the group replacemet cycle, and is set
whenevertherow is accesedby thecachted quety. Once all cacted queriesareexecuted, any unmakedrows canbe safdy

ddeted. Group replacenert is usedin corjunction with areplacenentpdlicy to deternmine the setof “victim” queriesto be
ddeted. Notethatthe overheadof group replacenert is linearin the numberof queriesthatremainin the cache.

3.4 Determining query size

Theredacemet mectanisnsrely ontherepgacenentpadlicy to deteminethe query or setof queliesto replace As desribed
ealtier, onefacta usedby theredacenentpdlicy, whenhardling varying sizeddatasets,is the sizeof the quety. However,
due to overlapping tuples betweenqueiies, detemining the number of tuplesthatwill getreplacedis not straightforward
In particuar, thefollowing obsenationholds.

Observation 2 Theactual numter of tuples of a query that can be garbage collecteddeperds on the setof queriesthat
remainin the cache.



The above observation highlights the complexity of usingthe size as a factorto determine the setof queriesto be
redaced It resultsin a circular depencercy—the refdaceable size deends on wha remainsin the cacheandwhat remains
in the cacte deperts on the ordeling by the ratio of benefit to size. We assime, initially, thatthe total size of the quety
(as detemined by the number of tupleshit in the last acces$ is a good egimator of the redacealte size of the query.
Anothe appoachis to evaluate eachquery and detemine its count of “exclusive” (non-ovedapping) tuples with respect
to all the other quelies currently in the cacte. This is a high overheadoperaion, requiring a counterto be mantained for
eachtuple to represent the number of queriesthatacess that tuple. Using this counter, a re-execttion of the query canbe
usedto deternine the setof “exclusive” tuples thatthe quely accessesvhich becomesa measue of the replacablesize.
Thesetwo approactes—total size and exclusivesize— form two ends of the spectrum of heuristics usedto determine the
redacealte sizeof aquery. An intermedate approad isto order the querieshy berefit (without using size asafacta) and
then re-executing eachquery in desceding order of bendit while counting the new tuplesaccesgdby a query to represent
its refdacealte size.We are evaluatirg this andotherapproachesin our ongoing work.

4 Related work

Client-sewrer databae systemshave alsoaddressedefdacemen issuesn pagebasedard tuple-based client cachesl[5, 6].
Replacenert in a cache indexed by sematic units such asviews or query resultsintroduces differen challenges however.
Semaitic cacheshave beenproposedin client-server datalasesystens [3] but that work addressedonly read-only cading
ard used a different stotageimplementation. Predcate-lasedcaches[8] addressedsimilar issues,but opted for a different
approachto corsistercy mainterane. Tuples propagatedasa reallt of UDIs performed at the origin are matchedwith
all cacted query predcatesto detemine if they shaild be insertedin the cacte. A simgified form of semartic cading
targeting web workloadsand using queries expres®d through HTML formshasbeenrecerly proposed[11], but this work
did not address consisteng or replacemen. The cadiing of quely resultshasalsobeen proposedfor specific applications,
suchashigh-volume major eventwebsiteq4, 10]. The setof queriesin suchsitesis known a priori and the resultsof sudch
gueries are updatedandpushedby the origin sener wherever the basedatachanges.

5 Summary

Dynamic caching of dataon edge senersbasedon the application query stream promises to beanadapive caching solution
with alow administrative overhead.We have implementeda prototype of a caching systemwhich maintairs previous quely
resuts in sharedtaldes wherever possible In this paper, we disciss the challengesof cachemairtenarcein sud adynamic
ervironmert, focusing onrepla@mert issuesn the presence of consistenyg guarariees.We descrile a consisteng protool
which propagatesUDIs performed on the origin datdbaseover cacted tablesto the edye cachewithout first cheking
whetherthe new tuples matchthe cachel query predcates.A “group redacemeit” mectanismoperaes in the background
ard removesall excess tuplesfrom the cate. We disciss the challergesof devising a cacle repla@mernt policy for sucha
dynamic ernvironment ard proposeinsights into addressingthese challerges.
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