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An E�cient Scheme for Dynamic Data Replication�Swarup AcharyaStanley B. ZdonikDept. of Computer ScienceBrown UniversityProvidence, RI 02912-1910email: fsa,sbzg@cs.brown.eduAbstractThis paper presents an e�cient scheme for dynamic replication of data in distributed environments. Theaim of the scheme is to increase system performance by intelligent data placement so as to optimize themessage tra�c in the network. Research in the recent past has comparatively focussed very little on usingreplication for increasing performance but has instead been directed more at improving system availabilitythrough replication. However, with the advent of mobile or nomadic computing, research in replicationneeds to change direction{ the underlying assumption of high speed networks no longer hold true. Wirelessnetworks not only have lower bandwidth but are also very expensive to use. In such an environment, it isimperative that data be distributed intelligently to achieve a good system performance in terms of messagecosts and turnaround time. Besides, with mobility introduced in the system, earlier static schemes forimproving performance (e.g., the File Allocation Problem [DoF82]) are no longer applicable. As a �rststep, we propose a totally distributed dynamic replication scheme, which uses a �nite automaton basedtechnique to learn access patterns. This accrued information is then used to predict future access sequencesand dynamically reorder{ replicate or delete copies of data in the network, in anticipation of predictedaccesses, to reduce network message costs. Being distributed, each node of the network bases its decisionto replicate or delete an existing copy solely on local information. Our algorithm is also integrated andcorrects some of the drawbacks of earlier theoretical work in this area. Finally, we present some preliminarysimulation results which show that our scheme is very promising.
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1 IntroductionReplication of data is an essential component of dis-tributed databases. There are two major motivationsfor replication{ increasing availability and increasingsystem performance. Replication creates redundantinformation in the network, which allows the systemto remain operational in spite of node and link fail-ures and thus increase reliability. Also, if data is repli-cated near the node where it is accessed, communica-tion cost is greatly reduced. However, replicas incurspace overhead and require special e�ort to maintaindata consistency.Research in the recent past on replication has fo-cussed mainly on the availability issue ([AhA89],[JaM90], [PaL88], [KRS93], [AgE90]) though the per-formance angle of replication has received attentionearlier ([DoF82]). Improvements in technology havebeen mainly responsible for such changes in focus.When systems evolved from centralized to distributedsystems, the network bandwidth was relatively verylow. That led to a focus on reducing network trans-mission cost and hence on the performance issue.But as distributed networks became commonplaceand technology improved, communication costs wereno longer as important as other site related resourcecosts. Consequently, research in replication started toaddress issues of fault tolerance in replicated systems.But with the advent of mobile networks, the underly-ing assumption of high speed links will no longer betrue [AlK93]. In such an environment, users will havethe ability to move from one place to the other andyet be connected to their computer systems througha wireless link. While the growth in physical networkbandwidth has been tremendous (current technologywill support �600Mbit/sec), it is very unlikely thatthe wireless bandwidth will be able achieve a compa-

rable value. For example, NCR's WaveLAN achieves�2Mbit/sec, a typical bandwidth over the air. Be-sides, data transmission over the air is monetarily ex-pensive too [Hay92]. Consequently, for such a systemto achieve a level of performance comparable to cur-rent static systems, it is very crucial how data in thenetwork is distributed. Not only should data be dis-tributed to reduce message overhead but it may alsohave to take into account the monetary expenses ofeach operation. Consequently, we predict that repli-cation of data{ how many replicas to have and whereto place them { will be a very important issue indesign of such systems. This does not imply thatavailability and fault tolerance issues in replicationwill become pass�e but that with the advent of no-madic computing, signi�cance of performance issuesin replication will greatly increase.As a �rst step in the direction of intelligent repli-cation for better performance, we propose a dynamicreplication algorithm for a typical distributed net-work. The performance of a distributed system isvery sensitive to the distribution of data among thenodes. Since a node reads an object1 from the near-est neighbor having a copy (sometimes depending onthe protocol, more than one replica may have to beread), it is very critical that objects be as near thenodes that read them. However, an update is usuallydone on many replicas (depending on the protocol fol-lowed, updates could be done on all or a majority ora write-quorum subset of the replicas) and this neces-sitates copies be as close to each other as possible. Agood replication scheme should thus be able to cor-rectly trade-o� between the two con
icting criteriabased on the read-write pattern of the object.The algorithm we propose is adaptive, inte-grated [WoJ92a], online and distributed in nature. It1A generic term { could be an object, �le, relation etc.2



continually reorders the replication scheme, adaptingto changes in access patterns of each object. Un-like other algorithms which work in two phases{ onephase in which read-write requests are satis�ed andthe other in which data is redistributed over the net-work, our algorithm integrates the movement of datawith the reads and writes, thus saving messages. Be-ing distributed in nature, any decision to save ordelete an object from a node is made solely based onthe information (statistics about reads and writes)available locally in each node.An online algorithm should have the ability to learncharacteristics of its environment to work well. Weuse a deterministic �nite state automaton (DFSA)based learning technique to predict future object ac-cesses. Based on these predictions we re-order theplacement of objects (either shrink or grow the num-ber of nodes with the object) to suit its (predicted)future access patterns.The contributions of this paper are as follows.Firstly, we improve upon current theoretical work inthe area of dynamic data distribution by correctingsome impractical assumptions and bringing some re-alism into the models. In particular, ours is the �rstmodel that restricts the amount of memory in eachnode of the network as opposed to in�nite memory inthe system. Consequently, we have had to explicitlyaccount for the replacement problem, akin to that inpaging. Secondly, we present a novel direction of re-search in data replication by incorporating dynamictechniques which adapt e�ciently to changes in ac-cess patterns in the network and thus perform betterthat conventional static schemes.The rest of the paper is as follows. The next sec-tion describes the network model. Section 3 is aboutrelated research. Section 4 discusses basic distributed

database terminologies and protocols. In Section 5,we describe the three states that an object can be invis a vis its replication status. Section 6 gives theoverview of the algorithm along with the tradeo� in-volved between read and a write in terms of the costinvolved. Our learning model is described in section7 and in section 8 the object deletion protocol is ex-plained. Space and message overhead analysis is pre-sented in Section 9. Finally, we present simulationresults and o�er our conclusions.2 Network ModelOur network model is based on an earlier work by Ja-jodia and Wolfson ([WoJ92a]) and has the followingfeatures :� The network is an undirected tree, T = (V,E),where V is the set of processors (nodes) and Ethe set of bi-directional links between two pro-cessors. The processors and links are assumed tobe failure free.� A Replication Scheme for an object is a subsetof the nodes in the network which hold a copy ofthat object. The Replication Scheme for an ob-ject does not have to be a connected; it could bea set of disjoint subtrees. To be formal, we de�nea Virtual Replication Scheme (VRS, henceforthcalled RS) as the smallest connected subtree ofthe network containing all nodes which hold thecopy of the object. The Real Replication Scheme(RRS) is just the set of nodes which hold a copyof the object. Thus, RRS � RS (Fig 1).� The replica consistency protocol is the Read OneWrite All (ROWA) protocol. Thus, a read isdone from the nearest node having a copy butan update is transmitted to all nodes having a3



A

B

C D E

F

Real  Replication
  Scheme

(Virtual)
Replication
 Scheme

G

H

J

Figure 1: A typical network. Nodes with object a are shaded.copy of that object. There exists at least onecopy of every object somewhere in the network.� The Read Cost of a node i for object a, denotedrai , is the minimum number of messages neededto transfer a copy of the object to node i. Thisis usually some factor 
r, times the length (inedges) of the shortest path between i and a pro-cessor in the replication scheme which holds ob-ject a. If the node i has a copy, then a readincurs no cost.� The Write Cost for node i to write object a, de-noted by wai , is the minimum number of mes-sages required to update all the copies in thenetwork. This is usually some factor, 
w timesthe number of edges in the smallest subtree of Tthat contains fig [ RS.� The size of memory in each node is restricted.The upper limit may vary for each node.The values 
r and 
w may be the same or di�erentdepending on the type of concurrency control proto-col used. For simplicity, in this paper we assume
 = 
w = 
r . We do not presume any particu-lar concurrency control algorithm; our scheme worksfor any algorithm preserving one copy-serializability.Our algorithm aims at optimizing the communicationcost in terms of messages involved.

Though our model is similar to [WoJ92a], there aresome major di�erences as follows :� Every node has a restriction on its memory size.The [WoJ92a] model assumes in�nite memory.� The [WoJ92a] scheme restricted all nodes withcopies of an object be contiguous. Ours relaxesthis restriction and thus nodes with copies couldbe disjointed with holes (i.e., nodes which are inthe RS but not in the RRS, e.g., subtree C-D inFig 1).� The cost function is di�erent too{ our model op-timizes the number of messages involved in everyread or write access whereas the [WoJ92a] modelconsiders the number of edges involved.3 Previous WorkAs mentioned before, there is a huge volume ofresearch in replication for increasing availability([AhA89], [JaM90], [PaL88], [KRS93], [AgE90] toname a few). There have been three main approachesto increasing performance using replication{ staticschemes, dynamic schemes and schemes which relaxthe consistency criterion by allowing controlled diver-gence within replicas.In most current systems, data is replicated in astatic fashion at system design time, based on proba-4



ble access patterns. The replication scheme remains�xed at run time. Since the optimal distributionproblem is NP-complete, various heuristics have beenproposed. It is also called the File Allocation Problem(FAP) and has been extensively studied ([DoF82]).The static scheme performs well if the access patternsare known a priori, but this is not always possible.Dynamic schemes on the other hand continuallyre-order the placement of data and thus automati-cally react to changes in access patterns in the net-work. The need for dynamic replication schemes inmobile networks has been pointed out in [BaI92] and[ImB93]. Earlier work in dynamic schemes have beentheoretical in nature { [BFR92] presented competi-tive algorithms for the problem. But these were notstrictly distributed in the sense that one processorhad to be aware of all requests. Besides, unlike ours,their algorithm was not integrated. [WoJ92a] givean optimal algorithm for the tree network. How-ever, they make the impractical assumption of norestriction on memory in each node of the network.Consequently, the problem of replacement of objects,akin to that in paging, albeit with a di�erent costfunction, does not arise in their model. They usea simple learning scheme, which in fact, it is a spe-cial case of our DFSA based scheme and can be re-duced from it by choosing parameters appropriately.The tree topology restriction was lifted in [WoJ92b]and [HuW93] but the models still assumed in�nitememory. Besides, in an arbitrary graph messagerouting is a very important issue which was not ad-dressed. [HuW93] was based on the primary copyscheme which requires nodes without a copy of anobject to read from the primary-copy node ratherthan the nearest neighbor. Firstly, this requires moremessages than necessary. Secondly, the book-keeping

related to the replication scheme (e.g., determiningwhen to grow the replication scheme), is done by asingle node { the primary copy node and thus makingit a bottleneck. In our case, every node can make suchdecisions to grow or shrink the replication scheme.The third approach is to assume static replica-tion but to relax the serializability criterion. Paperson quasi-copies ([ABM90], [BaM90]), lazy replica-tion ([LLS88]), epsilon serializability ([PuL91]) andbounded ignorance ([KrB91]) fall in the category.The serializability relaxation can be done along twodimensions of time and space([ShR90]). While diver-gence may be acceptable in some cases (e.g., stockmarket data), strict consistency is a must in manydistributed applications like banking databases. Ourscheme is geared towards such applications.A logical parallel to the dynamic data placement isthat of caching. Though similar in nature (the cachedcopy is just another replica), the cost functions anddomains are di�erent. The only goal of caching is toimprove the response time where as data replicationmay address many more issues like message tra�c,turnaround time etc. Caching is a means to improvethe client-server interaction where as dynamic repli-cation addresses the issues of server-server interactionin distributed environments. In other words, the do-main of caching is the main memory as opposed todata replication, which deals with (but is not limitedto) the organization of data in the external storage.Unlike ours, if the goal was to use replication to im-prove the response time, some of the caching tech-niques would be applicable. Our objective functionis reducing message tra�c. A distributed system hasto solve both these problems e�ciently to performwell. Caching and prefetching is also one area wherelearning models are frequently used. These models5



are often probabilistic [KrV91] , statistical [Sal91] ornearest-neighbor techniques [PaZ91]. As explainedabove, these models are just interested in predictingthe next (few) object(s) accessed so as to be ableto prefetch it (them). The learning system in thedynamic replication is interested in a longer futuretime slice and has to predict the likelihood of an ob-ject being accessed for a read vis a vis the likelihoodof being accessed for a write. So, while in prefetch-ing inter-object access relationships are learned (andreads and writes aren't di�erentiated), in data repli-cation, knowledge about the read versus the writeaccess pattern of the same object is accrued, indepen-dently of other objects. Our methodology uses a tree-shaped �nite automaton and uses statistics stored atevery state to make predictions.4 Distributed Database BasicsEvery node of a distributed database maintains a setof tables/directories to help it locate data items inthe network. These tables typically contain an ob-ject identi�er (which is unique over the network) anda boolean which tells if the node has a copy of theobject. All nodes also maintain a list, called the Di-rection Vector (DV), for every object. The DV is alist of neighboring nodes which are in the directionof a copy of the object. The �rst element of the DVis the closest node with a copy. The DV is used tolocate objects which do not reside in the node. Con-sider Fig 1. Nodes B,E,G and F are in the RRS forthe object concerned. The DVs for some of the nodesare{ node A: fCg, node C: fB,Dg and node D:fE,Cg.Notice the order of elements of the DV of nodes Cand D{ they are sorted by the direction of the clos-est copy. When a node receives a read request for anobject (the node itself may be the source of this re-

quest), as part of the transaction semantics, it checksin the directory entry for the object. If it owns a copy,the request is satis�ed locally at no cost. If not, thenode passes on the request to the neighbor at thehead of the DV (the closest copy). This request ispropagated until it reaches a node with a copy. Theprocedure is similar for a write access except that therequest is propagated to every node in the DV. Basedon how soon the responses for the write request ar-rive back from the neighbors, the DV is re-ordered (ifnecessary) to bring closest neighbor with a copy tothe head of the list. The DV could get out of date inthe prolonged absence of writes. The directory alsocontains a boolean to mark if the copy is the lastcopy in the network. If so, it is never deleted until itis replicated elsewhere. For writes, we assume someconcurrency control mechanism to guarantee serializ-ability.In the spirit of being completely distributed, welet every node view the network solely through itsneighbors. The motivation for such a choice is as fol-lows. Once hosts are allowed to move in a mobileenvironment, the underlying network structure willno longer remain static. Limiting a node's outlookto only its neighbors makes it independent of othernodes (except its neighbors). Consequently, the onlynode a�ected by changes to the network structuredue to mobility and/or failures are just the neigh-bors; non-neighbor nodes can function uninterrupted.Since our goal is to �nally extend our technique tosuch a scenario, it would be imprudent to assumeotherwise. For example, consider Fig 1. A requestfor the object from node A would appear to node B(the closest neighbor with the object) as a requestfrom C. Similarly node C would di�erentiate betweenrequests from nodes A and B but not between D and6
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BFigure 2: Network according to node CE. So node C's perception of the network in Fig 1 isas in Fig 2. Notice that to node C, node D is in theRS though it does not own a copy. This is becausethe DV of node C is fB,Dg. Henceforth, a statementof the form node X receives a request from node Y,means a request from any node in the subtree rootedat Y and not including X (and not just node Y alone).Similarly, a statement an access at node A implies anaccess generated not only by node A but also fromits neighbors which get routed through A. The re-striction of full distribution has been deliberately im-posed on the algorithm. However, our algorithm iseasily adaptable to networks where the restriction isrelaxed. In fact, from the network layer point of view,the algorithm will actually be more e�cient if it hasknowledge of nodes with copies rather than just thedirection.At this point some de�nitions are in order. Basedon where a node is in the RRS, it is either a fringenode or a center node. As the name suggests, a fringenode is on the fringe of the virtual replication scheme.Fringe nodes have a single element in the DV. For e.g.,in Fig 1, B,F and G are fringe nodes for that particularobject. All non-fringe nodes are center nodes. Fore.g., node E in Fig 1 is a center node. A center nodemay have neighbors which are not in the RS (e.g.,nodes E and H).

5 Object StatusEvery object present in a node can be one of the threepossible states based on its access pattern.� Live : A live object is one which has very highlikelihood of being read-accessed at the node (bythe node itself and its neighbors) in the near fu-ture. This object will be 
ushed only if there aremore live objects than the node has bu�er space.� Dead : A dead object has a strong likelihoodof being written elsewhere in the network with-out being read at the node itself. Consequently,holding on to the object would just incur addi-tional update messages which have to be prop-agated to this node. Since it is unlikely to beread, the motivation to hold onto it no longerremains. An object can be marked Dead only ifthe node is a fringe node in the RS. If so, it is
ushed immediately.� Coma : This is the equivalent of the Dead casefor nodes in the center of the replication scheme.Being in the center, message tra�c related to up-dating the object has to pass through this nodeindependently of whether the node has a copy ornot (e.g., in Fig 1, independent of the object'spresence in node E, the cost of the write is go-ing to be the same). So, unlike the Dead case,holding onto the object, does not increase thenumber of messages during an update. So, the7
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DFigure 3: Read-Write-tradeo�node holds onto the object marked Coma untileither the space is needed for a new object or itbecomes Live again.6 Algorithm OverviewAs has been pointed out before, a dynamic replica-tion algorithm has to be able to trade o� betweenread and writes to an object. If the object is beingpredominantly read, it makes sense to give a copy toall nodes reading it (save messages by avoiding re-mote reads). Alternatively, if it is regularly written,the RS should have as small a diameter as possibleto avoid huge update costs. The problem of dynamicreplication is, thus, composed of two complementarysub-problems { the problem of determining when togrow the replication scheme for an object to includeread-intensive node(s) (grow-RS problem) and whento shrink the replication scheme in the face of increas-ing number of writes (shrink-RS problem). Both theproblems have analogous solutions { each can be in-ferred easily from the solution of the correspondingcomplementary subproblem. Hence, in the rest of thepaper we deal mainly with the grow-RS problem. Asand when necessary, we brie
y indicate how these so-lutions could be extended to the shrink-RS case.

6.1 Read Write Tradeo�In this section we try to quantify the trade-o� be-tween reads and writes to an object.Consider Fig. 3. Node C and the rest of the net-work on the right is in the RS for some object a. Letthere be a signi�cant number of accesses to this ob-ject from node A. There are two possibilities. Node Ajoins the replication scheme by holding onto the ob-ject after the next access or alternatively, it remotelyaccesses the object from C.Considering the two cases separately,� Case 1: Node A saves object a and joins the RS.Now, raA = 0. But a write at C or any node inthe original RS requires 2
 (due to edges C-B,B-A) extra messages than what it did before Ajoined the RS.� Case 2: The RS remains unchanged. In thiscase, raA = 2
 (nearest copy is at C). Writes at Cor any of the other nodes in the RS of a requiresno extra messages.Thus if A joins the replication scheme, every writefrom the original RS, cancels a read at A, in terms ofthe bene�t of joining the RS. Consider an example.Let the object a be read thrice by A and writtenonce by C in the near future (we will clarify laterwhat we mean by near future). In the case 1 scenario,2
 extra messages are required (update message from8



C to A). If case 2 were true, 6
 extra messages arerequired (remote read by A fromC). Obviously, in thisexample, node A should have joined the replicationscheme after the �rst read. Alternatively, if the objectwould have been read once by A and written thriceby C, the RS should have remained unchanged.So, the problem of growing the RS for an object,then reduces to determining if that object would beread more often by the new node joining the RS andits neighbors or written more often from within theRS. If the former is true, then the RS is expandedto include the new node, otherwise, the RS is leftunchanged.In the general case where 
r 6= 
w, the picturewould be marginallydi�erent. In that case, for a nodeto join the RS, it would not only have to read-accessthe object more often than it is written but it wouldhave to do so by at least a factor of � = 
r=
w. Sincewe assumed 
w = 
r, here � = 1. Our algorithmcan be trivially extended to the general case.The trade-o� for the shrink-RS case is similar.Here a node owns a copy of an object and has toweigh the bene�ts of holding onto it (and thus savingduring reads at the node) vis a vis the extra cost ofupdate messages transmitted to it. On the lines ofthe argument above, a node should delete its copyif the object is going to be read less often than itis written elsewhere in the network. The read-writeratio could be a simple greater than or it could bea factor of � for the general case. How exactly ourlearning system works and its prediction technique isexplained in the next section.6.2 Classifying Access SequencesConsider a sequence of accesses arriving at a node.We extract a new sequence from it by �ltering outaccesses to a particular object. This extracted se-

quence consisting of reads and writes to this singleobject could be of two types { one, a sequence withmore reads than writes or two, a sequence with morewrites than reads (if they have the same number ofreads and writes, we arbitrarily classify them as oneor the other). We use this classi�cation to label theoriginal access sequence.Let a read-dominant access sequence for an ob-ject at a node denote a sequence which has morereads to that object at the node (i.e., from the nodeand its neighbors not in the replication scheme) thanwrites fromwithin the replication scheme2. Similarly,a write-dominant sequence is a sequence which hasmore writes than reads to the object. Based, on thearguments of the last subsection, a node should jointhe replication scheme if the learning system can pre-dict a read-dominant sequence at the node. Alterna-tively, a node with a copy of an object should exit thereplication scheme if it can predict a write-dominantsequence. The immediate problem then is to identifyread and write-dominant sequences. We explain nexthow to do so by locating signatures typical to thesesequences.Any sequence can begin with one of the threepre�x subsequences { successive reads(�), successivewrites(�) or alternating reads and writes(
). Thepre�x subsequences � and 
 can never have morenumber of reads than writes. We now make a claimabout read-dominant sequences. Any read-dominantsequence, i.e., one which has more number of readsthan writes necessarily begins with at least two suc-cessive reads(pre�x �). If it did not do so, it wouldhave to begin with either subsequence � or 
. Sincethese subsequences can never have more reads thanwrites, all such leading � or 
 subsequences can besafely pruned from the beginning without destroying2By a factor of � = 
r=
w for the general case.9



the read-dominance property. Such pruning could berepeated until the sequence began with (at least two)successive reads. Hence, every read-dominant neces-sarily begins with at least two successive reads (pre�x�). So, the learning system can identify a potentialread-dominant sequence by waiting for its pre�x sig-nature { two consecutive reads. However, a sequencebeginning with successive reads isn't necessarily read-dominant. Consequently, the samplingwindow has tobe of a longer length before a prediction can be made.Parallel to the read-dominant case, the pre�x sig-nature of a write-dominant sequence is necessarily asubsequence of two or more successive writes.We need to specify something more about thelength of a sequence which has been labeled read-dominant or write-dominant. How long should a se-quence be? Lets call the length epoch size. Begin-ning at point when some object, say a is accessed, wetrack the next epoch size number of accesses arrivingor generated at the node. At the end of the sequenceof epoch size length, we �lter out the accesses to a andcompare the number of reads and writes. Accordingto which is greater, the sequence is labeled read orwrite dominant for object a. What should epoch sizebe? We believe it has to be related to the space inthe memory in terms of the number of objects it canhold. Intuitively, it should be the length of time interms of accesses to the node within which the objectshould be read at least once to pay for the cost ofholding onto space in memory.6.3 The Algorithm, Brie
yBefore we describe the algorithm, a point has to bemade about who decides when to grow or shrink thereplication scheme. Consider the case of growing theRS. Is it the node wanting to join the replicationscheme that requests permission or is it the node with

the copy that instructs a new node to join the RS.Webelieve that the later should be true. The node want-ing to join the replication scheme sees no accesses tothe object except those arising from itself until it joinsthe RS and thus, is in no position to make a correctdecision. Consequently, the node in the RS requeststhe new node to join the RS. On the receipt of sucha message this new node saves the copy of the objectand joins the RS. For the shrinking case, the nodewanting to exit the RS can make the decision sincebeing in the RS already, it has the complete pictureof the access sequence.We describe the algorithm to grow the RS usingFig 1. Let there be some means to determine a reador a write-dominant sequence. Only nodes in the RSof an object (node E in Fig 1) who have neighborsnot in the RS (node H) are involved in the process.When E receives a read request for the object fromH, it predicts if the sequence that follows would beread-dominant at H based on the accesses seen as yet.If not, H receives the object from E and 
ushes itafter the transaction is completed. If the predictionis a read-dominant sequence, along with the data,E tags a message for H to join the RS. H saves thecopy and tracks the next epoch size requests arrivingthere, keeping a running total of the number of readsand writes to this object. Based on the scores, itdetermines the label of the sequence. If it was read-dominant, then the decision to replicate by E wascorrect, else, it was wrong. In either case, at the nextwrite to the object, H gives this feedback (positive ornegative) which E uses to adjust the learning system.The algorithm to shrink the RS is analogous. Inthis case, only the fringe nodes in the RS are involved(nodes B,G,F in Fig 1). When there is a write requestpropagated to it fromwithin the RS, the (fringe) node10



predicts if the sequence to follow is write-dominantusing access seen as yet. If not, it just updates itscopy. If it is write-dominant, it exists the RS bydeleting its copy. The shrinking could either be grad-ual (e.g., F exists) or it could be drastic (e.g., B existsshrinking the RS to just fE,F,Gg). Analogous to thegrowing case, after epoch size access, the correspond-ing node in the RS (in this case node E) informs this(ex)-fringe node about the correctness of its decisionto exist the RS. Accordingly, the node updates thelearning system.The major di�erence between the growing andshrinking of the replication scheme is that while bothprocesses could be gradual, i.e., an edge at a time,the later could also be drastic. The reason for thisis the presence of holes in the RS, something uniqueto our model because of the restriction of memory ineach node. Consider a possible scenario for the net-work in Fig 1. Initially the RS started out with nodesfE,F,Gg and then gradually grew to include D,C andB. In due course, however the object is no longer readaccessed at nodes C and D and is marked Coma (ifthey were fringe nodes, then the object would havebeen marked Dead and deleted immediately). Whenspace for a new object was needed at these nodes, theComa object was deleted giving rise to the hole in theRS. Consequently, when B deleted its copy, the RSsuddenly shrank to just three nodes. If there were in-�nite memory in each node as in the [WoJ92a] model,there would have been no need to replace the Comaobjects at all and thus the replication scheme wouldhave been a contiguous subtree.7 The Learning ModelIn this section we explain our learning model, thedata structures involved and how we use them to pre-

dict the class of a sequence.We use a simple deterministic �nite state automa-ton [HoU79] to learn access sequences. The DFSAmakes state transitions on two tokens{ r and w{ readand write to an object. The DFSA stores informationwhich is used to make predictions. A node maintainsa DFSA per every neighbor per every object to recordeach neighbor's access pattern for each object. Thisis used by the node to decide whether to replicateto the neighbor. A node also maintains DFSAs forevery object which it uses to decide whether to exitthe replication scheme (this is also per neighbor). Anexample of a DFSA is in Fig 4. Since the DFSA re-sembles a binary tree, henceforth DFSA, FSA andtree will be used interchangeably.As before, we will describe in detail the working ofthe learning system for the grow-RS problem followedin brief, by analogies to the shrink-RS case.7.1 Data StructuresEach state of the FSA stores the following data struc-tures:� A boolean array history register of length k. Thehistory register is maintained as a shift registerwherein new information is inserted at one endand the oldest data shifted out at the other. Theinformation is in the form of booleans { a 1 rep-resenting a read-dominant sequence, a 0 repre-senting a write-dominant sequence.� An integer �eld score. The value of the scoreis the di�erence of the number of 1's and 0's inthe corresponding history register. Informally, ifthe score of a state has a positive value, it impliesthat the sequence following the one seen from theroot to this state is very likely read-dominant.11



Alternatively, if it is negative, the sequence fol-lowing it is a write-dominant sequence.Besides, every FSA also maintains a locationpointer, Loc, which denotes the current state of thetree.Each FSA has two variable parameters { theheight, H of the tree and k, the size of the his-tory register. The height of the tree denotes the max-imum pre�x sequence window sampled before classi-fying the sequence read or write-dominant. This sizeof the history register is the window in the past his-tory used as a basis for future prediction. Obviously,bigger the values ofH and k, the better the prediction.Unfortunately space limitations force us to bound thesize.7.2 Tokens of the FSAConsider the two nodes E and H in Fig 1, where nodeE has to decide whether to let node H join the RS.There are four classes of requests { reads and writesoriginating at H and reads and writes originating atE. Note that at implies not from the node alone butall requests which get routed through the node. Wecategorize which of the four are actually signi�cant inthe decision to replicate to H. Obviously, as explainedearlier a read at node H and a write at E are signi�-cant. A read at E can be ignored. That leaves writesat the node wanting to join the replication scheme.We claim that it (in this case a write at H) is notsigni�cant either. The cost of a write initiated atH is the 
 times the number of edges in the subtreefHg[RS. This cost is independent of whether H ownsa copy or not and thus, we ignore such requests whendeciding whether to replicate. Hence, the only twosigni�cant accesses are reads at the node wanting tojoin the RS and writes initiated anywhere in the RS

(and thus routed through node E). Henceforth, r andw stand for these respectively.These tokens are the same for the shrink-RS case.The di�erence here is that only the fringe node want-ing to exit the RS is involved unlike two nodes inthe grow-RS case. So, the signi�cant accesses arereads from itself and writes generated elsewhere inthe replication scheme.7.3 Grow-RS ProblemThis section describes the learning subsystem forgrowing the replication scheme. Fig 4 shows a typicalFSA of height 4. The transitions at the start state Sare used to trap the signature of the read-dominantsequence; the state S1 can be reached only when thepre�x signature of two reads is sampled. In the treeof Fig 4, the size is eight (k=8). Such a tree is main-tained by every node for each of its neighbors for eachobject. The next subsection explains how the systemuses such a DFSA to make predictions.7.3.1 Predicting Read-Dominant sequencesLet the tree in Fig 4 be the tree node E maintainsfor node H to decide whether to replicate to it. Con-sider the state S3 in the tree, reached on tracking thesequence rrw. The score �eld is +2. It re
ects thedi�erence between the number of 1's (read-dominantsequences) and 0's (write-dominant sequences) in thehistory register. What that means is that the pre-vious k (eight, in this tree) times, that a sequencebeginning with rrw (two consecutive reads from Hfollowed by a write in the RS) was encountered,the number of read-dominant sequences that followedwere two more than the write-dominant sequences.The history register records them chronologically{the more recent in the right{ �ve read-dominant andthree write-dominant. So based on previous history,12
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Figure 4: A sample FSAthe sequence which would follow is very likely read-dominant. State S7 has a negative score. Hence, itis very likely that a sequence beginning with rrwwis write-dominant and hence, if this state is reachedthe object should not be replicated. Consider thesequence rrr leading to state S2. The previous 8times that some application running on H causedthree successive reads to the object, the sequencesthat followed were evenly read and write dominant.At this stage, node E has to process (at least) onemore access before it can make a decision. We nowclarify some terminology about FSAs. Analogous totrees, the states of a FSA are classi�ed as leaf states(e.g., S4, S5) and non-leaf states (e.g., S2, S3). Also,the top three states (S, S0 and S1) are called non-valid states because they contain no information andare used just to trap the signature. The other states(S2; S3 : : :) are valid states.7.3.2 Algorithm to grow the RSIn this section we informally describe the algorithmto grow the RS. How the FSA structure is generatedand maintained is described in the next subsection.Rather than speak of the algorithm in general terms,

we use the speci�c example of node E having to decideif node H should join the RS (Fig 1). Since all casesof growing the RS are similar, this may easily be gen-eralized. As explained before, the only accesses sig-ni�cant to replicating the object to H are reads fromH and writes in the RS routed to E. The followingalgorithm is executed by all nodes like E, which haveneighbors not in the replication scheme.At the start, Loc, the location pointer, points tothe start state S.1. E polls for next access to the object (either fromH or from the RS).2. If it is a non-signi�cant request (a write from Hor a read at E), ignore and Goto 1.3. If it is a read request from H or a write from theRS, update Loc to re
ect the new state. If it wasa write, Goto 1.4. If the new state is a non-valid state (i.e., S; S0 orS1), Goto 1.5. If it is a valid state, there are two choices.� The new state is not a leaf node. There are twocases here.13



{ The score is positive, i.e., replicate. E thentags a message to this e�ect with the copy ofthe object. H saves the copy and thus, joinsthe replication scheme. Once this happens,the FSA is left untouched until H returnsthe feedback information about the correct-ness of E's prediction. The next section de-tails this process of feedback. (Case �){ The score �eld is negative (i.e., by past his-tory, likely write-dominant). E just sends acopy of the object with no additional mes-sage. Node H thus 
ushes the copy, afterthe transaction is over. Goto 1.(Case �)� The new state is a leaf. This implies that thescore �eld in all the states in the path from theroot to this leaf were negative and thus the learn-ing system predicts a write-dominant sequence.E just sends a copy of the object with no addi-tional message. However, E veri�es the correct-ness of its write-dominant prediction by deter-mining the actual of the sequence. Accordingly,an appropriate feedback is given.(Case 
)There is some additional work that needs to bedone in case of a write in step 3. Consider node E.Let it receive a write request from H. As explainedbefore, this request is ignored by E when decidingwhether to replicate to H. However, this request in-
uences E's decision to replicate to J (and all suchneighbors without a copy) because if J joins the RSevery write from H and other RS nodes is going tocost more. A write from a neighbor already havinga copy (e.g., G) a�ects the decision to replicate toall non-RS neighbors equally. In some sense, whilea read is limited to E and the node from which theread arose, a write involves all neighbors of E whichdo not have a copy. So in case of a write, Step 3 is as

follows:� If the write is from a neighbor in the RS (e.g.,G),update Loc by making a w transition for theFSA's of all the nodes without a copy (H andJ).� If the write is from a neighbor not in the RS,update Loc for the FSA's of all the nodes withouta copy except the node from which the requestarose. This is because a write from the node isnot signi�cant to its joining the RS.Both fringe and center nodes can be involved ingrowing the RS because both can have neighbors notin the RS.7.3.3 Maintaining the FSAThis subsection is about maintaining a FSA by incor-porating the feedback. Cases � and 
 from Sec. 7.3.2the two cases which require update of the FSA struc-ture. There are two basic problems{ one, to �gureout the actual label of the sequence- read or write-dominant and thus, verifying the correctness of theprediction, and two, identifying the path from theroot to the leaf which requires feedback.Updating an FSA with the feedback informationis very simple. Assume that the label of the se-quence and the update path is known. Starting fromthe root, on every state along the path the followingstep is performed. Depending on the label{ read-dominant or write-dominant, a 1 or a 0 is left shiftedinto the history register respectively. According towhat value is shifted out, the score �eld is updatedto re
ect the new di�erence between 1's and 0's. Byincorporating the feedback information, the FSA nowencapsulates the most recent access pattern of thenode for the object.14



Consider Case � where the RS grew to include anew node (call this node n-node, H in the last exam-ple). The n-node has to supply the actual label of thesequence to the neighbor storing the FSA (call it o-node, node E). Also, since the replication took placewhen Loc was at a non-leaf state, the n-node has tosupply the �rst few access sequence so that a pathfrom the current state to a leaf can be traced givinga complete path from the root to a leaf. Note that,since the n-node is now in the RS, reads at it areno longer routed to the o-node and hence the needfor the �rst few accesses. The n-node determinesthe label of the sequence as follows. Once it joinsthe RS, it scans the next epoch size accesses arrivingthere, keeping a running total of the number of readsand writes to the object. Based on which of readsor writes were greater, the sequence is determined tobe read or write-dominant respectively. The n-nodealso stores the �rst few accesses to the object. At thenext write after epoch size accesses, the n-node tagsto the update message for o-node the following data{ the actual label of the sequence and the �rst fewaccesses to the object in the n-node. Using these ac-cesses, the o-node makes state transitions, until Locreaches a leaf node at which point a complete pathfrom the root to a leaf is available. By doing this, theo-node has the complete pre�x window of this accesssequence. This path is, then, updated with the actuallabel of the sequence.The feedback for Case 
 is simpler than Case �.First, the Loc is already at a leaf state and thus, thepath is known. Second, since the object was neverreplicated, the o-node itself determines the actual la-bel of the sequence after epoch size accesses (by keep-ing a total of the reads and writes). After epoch sizerequests, if the label is read-dominant, its prediction

was wrong or else, it was correct. Either way, theDFSA is updated by left shifting the appropriate bitinto the history register and simultaneously updatingthe score along the path from the root to the leaf.In �, there is a special case. If the object is 
ushedat the n-node before epoch size access, then it wasa bad decision to replicate in the �rst place. In thiscase a negative feedback is given to the o-node duringthe delete protocol (of Sec 8). Alternatively, if the n-node replicates the object further before epoch sizeaccesses, the sequence is deemed read-dominant.7.4 Shrinking the RSThis is the problem of deciding when to delete ob-jects in order to shrink the size of the replicationscheme. The issues here are analogous to the grow-RS case. However, there are some di�erences whichwe highlight in this section. First, every node de-cides its own fate in the replication scheme. Hence,it uses and maintains its own FSA to predict write-dominant sequences unlike in the grow-RS case whereeach node does so for its neighbor. Second, depend-ing on whether the node is a fringe node or a centernode, exit from the RS is handled di�erently. In theformer case, the object is marked Dead and deleted.In the latter case, it is marked Coma but not neces-sarily deleted immediately.The fringe node case is similar to the grow-RScase. Analogous to it, every fringe node polls theaccesses for a write-dominant sequence. It does thisby traversing the object's FSA at every request andchecking on the score �eld. If the score is nega-tive, implying a possible write-dominant sequence,it deletes its copy (using the Delete protocol of Sec8) and exits the RS (case �). If the score is posi-tive (case �) or Loc, the location pointer reaches aleaf state (case 
) then the sequence to follow is very15



likely read-dominant and thus the node continues inthe RS. However, it requires feedback for cases � and
. For �, this feedback is given by the node's neighborin the RS after epoch size accesses. For, 
, the nodeitself can determine the actual label of the sequenceby tabulating the reads and writes. The FSA is thenupdated to re
ect the new information. Similar tothe grow-RS case, there are two quirks which need tobe taken care of. One, if the object is replicated backto the node again before epoch size requests or, two,if the neighbor in the RS exits the RS too, beforeepoch size requests. The �rst one is a case of wrongprediction whereas the latter is deemed a correct pre-diction.Notice that 
ushing an object can leaves a freebu�er in the node. While there is an option to re-place it with another object, this is avoided becauseof the lack of information for a good replacement.This bu�er would be used up by the next new objectreplicated to the node.Now consider the case in which the node is in thecenter of the RS for some object. If the object hasn'tbeen read-accessed recently at the node, it is veryunlikely to be accessed in the future. However, as ex-plained in Sec 5, cost of a write to this object is thesame independent of its presence or absence in this(center) node. So, rather than delete the object, inthe absence of a read for epoch size accesses, at thenext write it is marked Coma. Coma objects are �rstto be replaced when space is required for new objects.Every node maintains an LRU queue for Coma ob-jects. Every Coma object is automatically enqueuedinto the LRU queue. The object at the head of thequeue is the least recently read-accessed object. Anobject is dequeued, for the following reasons. One,the node no longer is a center node in the object's

RS (become a fringe node). Two, when the node re-quires bu�er space, the object is at the head of thequeue is deleted and its bu�er used instead. Three,every time a Coma object is read-accessed, it becomeLive, and, it is dequeued.7.5 Replacing ObjectsIn our model space is limited in each node. Conse-quently the problem of replacement arises whenevera new object is replicated to the node. The followingprotocol is followed to obtain bu�er space for the newobject:� If there are free bu�ers in the node, then such abu�er is used by the new object.� If there are no bu�ers in the free list, then theLRU list maintained for Coma objects is used.The new object replaces the object at the headof the LQU queue.� If the LRU queue is empty, then an object israndomly selected and 
ushed. This occurrenceof this case is rare because the possibility of morethan the memory-size number of objects beingLive simultaneously is very unlikely.7.6 Startup Con�gurationAs yet we have not talked about the startup time dis-tribution of data in the network. The initial distri-bution of objects to nodes can either be random (i.e.,arbitrarily decide the number of copies of an objectand place them randomly to nodes) or using one ofthe static replication techniques . The latter is notonly an expensive procedure but also requires a pri-ori knowledge of accesses. Besides, in very dynamicenvironment such schemes are not e�ective anyway.So, we chose a random startup con�guration. The16



values of the data structures in the learning systemshould be as follows. For the FSAs used to grow thereplication scheme, the score �eld in all states aregiven a slightly positive value, where as in the treesused to shrink the replication scheme, the score �eldis given a slightly negative value (e.g., 2 and -2, thehistory registers initialized accordingly). This wouldimply that, for example, every sequence with two suc-cessive reads would be a read-dominant sequence tobegin with. Given, a quiescent time, the learning sys-tem will stabilize to re
ect the true characteristic ofthe environment.8 Object Deletion AlgorithmThis section describes the protocol which has to befollowed when a node decides to delete a copy of theobject. The crux of algorithm is to ensure that theobject being deleted is not the last copy in the net-work. Deletion of an object can cause the replicationscheme to decrease by one edge (e.g., G exits the RSin Fig 1) or by many edges (e.g., in Fig 1, if B exits,the RS reduces to just three node).The deletion algorithm is simple. When a nodeP decides to delete an object, it �rst checks to seeif it holds the only copy in the network. If so, itaborts the deletion. If the node is in the center of thereplication scheme for the object being deleted, thenthe node does so without informing any other node.This is because there are at least two other fringenodes which hold a copy. The tough case is when thenode is a fringe node. Exit of a fringe node, like B inFig 1, can sometimes cause a huge change in the sizeof the replication scheme. Along the way, all nodesa�ected by the exit (e.g., C and D in Fig 1 will nolonger be in the RS, if B exits) need to update theirDirection Vectors for the object. The fringe node

sends a message to its neighbor requesting permissionto delete. This message is recursively transmitteduntil it reaches, say, node Q.If Q does not own a copy then:� If it has two or more neighbors in the replicationscheme than the one it got the message from, itallows deletion. (case �)� If it has one other neighbor in the replicationscheme, it re-transmits this message onto thatneighbor.(case �).If Q owns a copy, then:� If it has one or more other neighbors in the repli-cation scheme beside the one it got the messagefrom, it allows deletion.(case 
).� If it has no other neighbor in the replicationscheme, it is a node with the only other copyin the network and now becomes the node withthe last copy. Node P is allowed to delete.(case�).For cases �; 
 and �, all the nodes in the path from Pto Q reset their Direction Vectors to re
ect the dele-tion in node P. This algorithm automatically detectsthe last copy in the network, when the second-lastcopy is being deleted (case �). If both the nodes hav-ing the last two copies of the network decide to deletesimultaneously, some arbitrary tie-breaking schemecould be used.A very unlikely case requiring attention is when allthe objects in a node are last copies in the networkand consequently, cannot be deleted. The problemarises if a new object is replicated to the node butthe node has no space for it since no existing objectcan be replaced. To take care of this eventuality, eachnode leaves a few emergency bu�ers free for such a17



situation. While the transaction requiring the newobject is being processed, the node randomly choosesone of the other (last copy) objects and migrates itto another node. The space of this migrated objectis then inserted back to the emergency pool. Thisensures that the transaction does not block for thetime required to migrate the object.9 Algorithm Analysis9.1 Space Analysis and OptimizationsWe now analyze the space overhead of our learningscheme. We consider the space occupied by eachFSA. Let H denote the height of the tree and k thesize of the history register. Once these parametersare �xed, the structure of the tree gets �xed too. So,the tree might be stored as an array and nodes couldbe accessed by indexing into the array. This wouldconsiderably save space of pointers. Considering theworst case scenario in terms of space,� Space per node (in bits):S=k (history register) +(dlog2(k)e + 1) (score �eld + sign bit)� Space per FSA = (2H � 1)S + H (Loc)For H = 4 (sampling subsequence of 5) and k= 16,space per FSA is about 40 bytes. This is the space perobject per neighbor. There are two FSA's per neigh-bor, one to grow the RS and the other too shrinkit. So if a node had two neighbors, the overheadwould be 160 bytes per object. Another structurerequiring space is the LRU queue for Coma objects.This will require another four to �ve bytes per object.This space overhead is reasonable for any medium tolarge sized object. If the objects are smaller sized,say on an average 200 bytes, then some space opti-mizations might be performed. For e.g., the score�eld is super
uous, its value can be gleaned from the

history register. That would save nearly ten bytesper FSA in the last example. Besides, some com-pression technique might also be used to save space.This would be at the expense of extra computation,but that would not matter since message transmissiontime would dominate the computation time anyway.In any case, the variable parameters of the FSA {its height and the size of the history register can bechosen accordingly.9.2 Message ComplexityThe only component of the algorithm which requiresmessages not directly related to satisfying read-writerequests is the Delete protocol. It can be shown thatthe cost of the Delete algorithm in terms of messagesis twice the number of edges in the replication scheme.The cost is amortized over deletes at the center andthe fringe nodes { the former costs nothing, the lat-ter accounts for the total cost. So even though inthe worst case, deletion of an object at a fringe nodemight cause messages to be recursively transmitted,since deletion at center nodes cost nothing, the totalcost is amortized to linear in the number of repli-cas. This is no more than what would be requiredfor schemes where the replication scheme is contigu-ous without holes [WoJ92a] and thus, detecting thelast copy is considerably easier. Being integrated, thealgorithm has no super
uous messages except thosesatisfying read-write requests.10 Simulation resultsPreliminary simulation studies were performed to an-alyze the performance of our algorithm. Unfortu-nately, we had two major drawbacks in our sim-ulation. One was the absence of any other algo-rithm to compare against since to the best of our18
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L0 LLL1 2 3 . .. .. .. L 15Figure 6: The simulation access patternknowledge, this is the only distributed algorithm fora restricted-memory tree-network model. Secondly,publicly available real access traces are mainly forread-shared systems and do not have a good mix ofaccesses which are both read and write shared. Con-sequently, the objective of the simulation study wasnot a comparison test but a preliminary evaluation ofthe various design decisions. The test sequences hadvarying percentages of reads and writes and are usedto illustrate the working of the algorithm.As has been pointed out, we are assuming that ob-jects are independent in the sense that there is nostructure in the data that we can exploit to prefetchobjects optimistically. Instead all information regard-ing expected access patterns is determined solely fromthe objects own access history. Consequently, wescaled down the magnitude of simulation parametersby a small factor to make computation feasible andstill achieve our objective. The 7-node distributednetwork of Fig 5. was the basis of our simulation. Thetotal number of objects in the network was 10,000.The nodes C,D and E had a maximum memory of8000 ( 80% of total) objects and nodes A,B,F and Ghave a 4000-object (40 %) memory size.All access patterns presented were of the form inFig 6. Each subsequence Li (also called a cycle) wasrelated to its previous subsequence Li�1 in some fash-

ion which will be explained as we go along. Eachaccess had 16 such subsequences. The height of thelearning FSA was 5. The start up time distribution ofobjects to nodes was done randomly. It was ensuredthat there was always one copy of every object somewhere in the network.Consider Fig 7. In this experiment, an access se-quence of the form in Fig 6 was fed to the algorithm.Each subsequence Li+1 was generated by introducingsome � noise in the previous subsequence Li. � wasvaried from 0% to 100%. So for the case where 20%noise was introduced, each Li+1 had 20% of its tokensdi�erent from Li. Each subsequence Li was of length40000, i.e., four times the total number of objects.The �gure shows the number of messages traversedin the system for every such subsequence. The down-ward slope of the curve implies that with successiveinput of each subsequence, the system utilized lessermessages to satisfy requests until such time that itcould learn nothing further and thus settle down to a�xed level. The best performance is obviously in thecase where the same sequence was repeated over andover again (0% noise). The algorithm was able to re-order data placement and reduce the message tra�cby more than 50% of the startup value. With in-creasing noise, the performance degrades and it doesthe worst for 100% noise, where each successive sub-sequence is completely di�erent. In all the cases, thecurves 
atten out to best performance the algorithmcan produce. For the 0% case, the algorithm can ac-19



tually extract a pattern where as in the 100% caseit tries the best it can do. Starting from 100% downto 0% sequence, the graphs show the messages savedin able to extract the added pattern in 20% of thetokens. An observation about the cost function hasto made at this point. The goal of the algorithmis to minimize the total message tra�c. The num-ber of messages traversed for a read is a lot lesserthan that in a write since the latter a�ects all thecopies. Consequently, the system tries to optimizethe cost of writes at the expense of costs for reads.This comes from the fact that even though the algo-rithmweighs a read equivalent to a write, the accessesused to determine whether to delete or replicate, arereads from the node (and its neighbors) and writesfrom anywhere in the network. So for example, if anode has to get a copy its read demand should haveto be signi�cant in comparison to the write demandin the network. Consequently, a bunch of randomwrites in the network can rapidly cause a shrinkingof the replication scheme in the absence of any regu-lar read pattern. This is what happens as the noiselevel increases { the replication scheme for all the ob-jects gradually shrink. However, unlike when the ac-cess patterns are regular and the replication schemegradually moves to the centers of read-write activity,in a noisy scenario the replication scheme is volatilein the absence of a focussed center of activity. Thisis the reason why even in the 100% case, the curve
attens out { the placement of data is not geared to-wards a particular pattern and consequently, the sys-tem performs more or less the same for any pattern-less sequence. Whenever, a pattern is apparent thealgorithm is able to adapt and thus save messages(re
ected by the drop in the level to which it set-tles as the noise levels reduce). In fact, Fig 8 which

gives the amount of data movement (replications anddeletions) in each subsequence highlights this point.When the pattern is regular, the replication schemevery quickly moves to the center of read-write activ-ity and remains unchanged. On the other hand, forthe random sequence, the system has to continuallymove the replicas in the absence of a focussed cen-ter and thus, data movement and message traversalis high. Jaggedness in the curves are absent mainlybecause of amortization over the length of each subse-quence and the resolution of the sampling. A numberof such experiments were run and the curves are rep-resentative of the behavior. The sensitivity towardswrites is particularly pronounced for small networkslike the one chosen as the simulation network. Thisbias would diminish as the network grew in size.To verify the observation of reads versus writes wepresented the system with a doctored sequence wherethe percentage of reads and write were kept constantover portions of the sequence. This is how it wasdone. Subsequences L0; : : :L7 were generated eachhaving 
% writes followed by L8; : : :L15 which had
% reads (i.e., (100-
)% writes). 
 was varied from0% to 100%. Besides, as before there was 20% noiseintroduced in successive cycles. We denote each se-quence by the percentage of reads in the �rst half.The two extremes were 100%R { �rst half (8 cycles)all-read sequence followed with an all-write last halfand 0%R { 8 cycles of writes followed by 8-cycles ofall read accesses. While such a real life sequence isvery unlikely, it helps display the working of the algo-rithm. Consider Fig 9. This is the graph of the mes-sage tra�c generated at each subsequence Li. Noticethe sharp peaks after the 8th cycle at which point thecomposition of the sequence changes from predomi-nantly read to write or vice versa. Consider the two20



extreme cases { 100%R and 0%R. The former has asharp increase in the number of messages traversedafter the 8th cycle. This is because, in the �rst halfthe replication scheme expands in the face of con-tinuous reads. However, once the sequence becomespredominantly writes the message tra�c greatly in-creases until for about four cycles later when the al-gorithm learns the new pattern and shrinks the RSsuitably. The jump is not as startling for the 0%Rcase because after the write-intensive �rst half, thereplicas are very close to each other and the messagecost in the latter half are mainly for reads, which re-quire fewer messages. So the bias of the system infavor of writes even at the expense of increasing readcost pays o� in such a case. This bias is also apparentin Fig 10, which shows the average number of repli-cas in the system in each cycle. At the end of the4th cycle, there is a di�erence of 1.5 between 100%Rand 80%R as opposed to just 0.5 between 80%R and60%R. This shows that the system is very sensitiveto the presence of writes.The last two graphs (Fig 11 and Fig 12) show howobjects are distributed in each node during the courseof the 100%R and 0%R run respectively. The resultshere are surprising. Once the sequence becomes pre-dominantly write accesses, none of the nodes are uti-lized to their full capacity (the nodes at the ears likeA are only about 10% full to about 50% in the rest).This could lead to ine�ciency if, say, the old fashioncaching technique of LRU was used. With a LRUtechnique, once an object is brought into a node it isheld until such time that it becomes the least recentlyused object and is given up to bring in a new object(this is under the assumption that updates are prop-agated to all cached copies as in the ROWA protocolas opposed to invalidate [CFL91]). Even though only

a small portion of the space is really necessary, anLRU technique would hang on to memory size num-ber of objects incurring unnecessary messages. How-ever, as in Fig 12, after the eight cycle, the memoryat each node gradually gets completely full. An LRUbased scheme may possibly perform comparably insuch a case. The biggest advantage of our techniqueis its ability to handle both extremes equally well,adapting automatically by adding or deleting objectsat nodes. This �gure also shows how the replicationscheme gradually grows (the order of nodes becomingfull){ �rst D, then C,E and �nally the ear nodes A,Betc. The graphs for the intermediate levels lie be-tween the two extremes. The graphs of Figs 11 and12 are input speci�c and their shapes vary dependingon where the centers of read-write activity are. Forexample, if the center of read-write activity was nodeA, it would be nearly full all the time. Figs 9 and10, however, are representative of the behavior of thealgorithm for sequences which switch the percentageof reads and writes midway.11 Conclusions and FutureWorkIn this paper we presented an e�cient scheme fordynamic data replication over a distributed network.The objective function was to minimize the number ofmessages in the network required to read and writeobjects. The algorithm was completely distributedwith each node making decisions solely on informa-tion available locally. We used a �nite automatonbased structure to maintain statistics about reads andwrites and used it to learn access patterns of nodes.We analyzed the trade-o� between reads and writesto an object and used that information as a basisto dynamically change their location in the network.21



Our model assumed a restriction on the memory ateach node. Consequently, we had to solve the prob-lems of replacing objects and determining the direc-tion of the closest neighbor containing a given object.These problems do not arise in earlier work wheremodels had unlimited memory in each node. We alsopresented preliminary simulation results which showhow the scheme adapts to changing access patterns.Our current work involves generalizing this strat-egy to work for any network topology. The majorbottleneck in arbitrary graphs is the routing of mes-sages e�ciently through the network. Our approachis to superimpose a virtual tree structure on the graphand then use the algorithm on the virtual tree. Theproblem of �nding a cost-e�cient virtual tree is hard(it is equivalent to the steiner tree problem) and weare using approximation techniques published in liter-ature to attack the problem. This work is in progressand beyond the scope of this paper.In this paper, the objective function involved thereduction of message tra�c where reads and writes,though treated di�erently, were given equal impor-tance. However, as apparent from the simulation re-sults, by the very nature of the cost function, thealgorithm is more sensitive to writes. Consequently,trying to optimize the total message tra�c may in-crease other performance related cost functions likeresponse time. However, our scheme can be gen-eralized to solve such performance related problemswhich have a read-write tradeo� by suitably weighingreads over writes (as in optimizing response time) orvice-versa (optimizing transaction turnaround time).Dynamic data replication has a promising futurein many aspects of distributed systems. With theadvent of mobile computing, dynamic and adap-tive techniques for data management will come into
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Figure 7: Messages traversed per subsequence
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Figure 8: Number of data movements per subsequence
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Figure 9: Messages traversed per subsequence. The keys denote the percentage of reads in the �rst half ofthe sequence. 24
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Figure 10: Average number of replicas in the system
0

1000

2000

3000

4000

5000

6000

7000

8000

0 2 4 6 8 10 12 14

N
u
m
b
e
r
 
o
f
 
O
b
j
e
c
t
s

Cycle Number

Objects per node for all Read-all Write Sequence

Node A
B
C
D
E
F
G

Figure 11: Number of objects per node for the 100%R-100%W sequence.
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Figure 12: Number of objects per node for the 0%R-0%W sequence.25


