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ZusammenfassungDie vorliegende Diplomarbeit bes
häftigt si
h mit einer Erweiterung eines bestehendenProjekts, den Autonomous Disks. Dabei handelt es si
h um �intelligente� Festplatten die,über ein Netzwerk verbunden, einen Cluster bilden, der selbstständig und automatis
hho
henwi
kelte Funktionen zur Datenspei
herung zur Verfügung stellt, die transparenteAusfallsi
herheit und Lastausglei
h beinhalten. Eine zentrale Rolle spielt dabei der Fat-Btree, eine in hohem Maÿe skalierbare parallele Indexstruktur.Die Implementation des Konzepts war jedo
h vor Beginn dieses Projekts ni
ht inder Lage, Datenobjekte (�Ströme� genannt) zu verarbeiten, die gröÿer als eine disk pagewaren. Es ging nun darum, erstens diese Bes
hränkung zu überwinden um beliebig groÿeStröme spei
hern zu können, und zweitens das System um die Fähigkeit zu erweitern,einzelne Ströme über mehrere Platten zu verteilen, um dann beim Auslesen die Über-tragungsraten der einzelnen Platten zu kombinieren, sogenanntes de
lustering. Dabeisollten selbstverständli
h die anderen Fähigkeiten der Autonomous Disks in vollem Um-fang erhalten bleiben.Diese Ziele wurden errei
ht; zudem waren auf demWeg dorthin einige Hilfsfunktionenzu implementieren, die von si
h aus au
h nützli
h sind: zuerst muÿte ein komplettesAllokationssubsystem für die Verwaltung des Plattenplatzes erstellt werden, dann wurdedas Transportprotokoll um die Fähigkeit erweitert, groÿe Ströme in kleineren Teilen zuübertragen und auf jeden beliebigen Punkt innerhalb eines Stroms zugreifen zu können,ohne den gesamten Strom übertragen zu müssen.S
hlieÿli
h wurde au
h das De
lustering implementiert, und zwar auf eine allgemeineArt und Weise die es erlaubt, zwis
hen mehreren vers
hiedenen Verteilungsstrategien zuwählen und neue Strategien einfa
h hinzuzufügen. Experimentelle Ergebnisse bestätigendass dies gelang, und die erwarteten Leistungszunahmen au
h wirkli
h erzielt werdenkönnen.
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1 Introdu
tionThis do
ument des
ribes a proje
t whi
h aimed at adding the ability to e�
iently handlelarge data items to an existing proje
t 
alled �Autonomous Disks�. Autonomous Disksform a data repository 
onsisting of a 
luster of �intelligent� high-fun
tion disks that areatta
hed to a network. They 
ooperate to o�er parallel indexing, fault toleran
e andskew handling to 
lients in a 
ompletely transparent fashion.However, data items were previously restri
ted to one disk page in size. Removingthis restri
tion required a number of modi�
ations and extensions of the system, �rst ofall a fully featured allo
ation and deallo
ation subsystem. Furthermore, de
lustering, thedistribution of single data items over several disks, was also a desired fun
tionality. Thee�e
tiveness of this te
hnique depends greatly on how exa
tly the parts are distributed,and so it is bene�
ial to have a 
hoi
e of di�erent de
lustering methods.The stru
ture of this paper is as follows: se
tion 2 des
ribes the prior environment ofthe Autonomous Disks, their design and 
apabilities, as well as those of the Fat-Btree,the index stru
ture used by the Autonomous Disks. Se
tion 3 explains the motivationand various goals of this proje
t. In se
tion 4, a survey of related work is provided,showing similar e�orts that in�uen
ed my work, and others that were of interest but notdire
tly appli
able.Then, in se
tion 5, the stru
tural design of my 
ontribution is shown, while se
tion 6gives insight into the a
tual implementation and the internal and external interfa
es.Se
tion 7 provides information about the 
on
rete de
lustering methods implemented(or designed) in the proje
t. The performan
e of the implementation is shown andanalyzed in se
tion 8. Se
tion 9 
on
ludes the des
ription of the proje
t, and se
tion 10suggests possible future work.
11
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2 Prior EnvironmentThe proje
t des
ribed here did not require or allow a 
ompletely independant new design;the work was based on an existing design, the Autonomous Disks des
ribed in [1℄ (ofwhi
h the Fat-Btree [2℄ is a vital part), and an existing implementation of that design.In order to provide a proper ba
kground for the rest of the paper, this 
hapter des
ribesthat environment.2.1 The Autonomous Disks Con
eptAutonomous Disks [1℄ are high-fun
tion disks that realize indexed shared-nothing paral-lel data storage, o�ering fun
tionality that borrows from both �le system and databaseroots, and featuring fault toleran
e as well as the handling of data distribution anda

ess skews, transparent to the 
lient systems.2.1.1 ClustersThe Autonomous Disks a
t as a 
luster of 
ooperating nodes without any permanent�master� or �
oordinator� node1 and 
oordinate the above-mentioned tasks among ea
hother, so that 
lient systems don't need to be aware of the number, state and lo
ationof individual disks at all; the 
lient 
an simply address the 
luster as a single abstra
tentity. In pra
ti
e, ea
h disk a

epts all possible requests and redire
ts them as ne
essary.Furthermore, dynami
 re
on�guration of the 
luster is possible, either deliberately (byadding disks or in
reasing data redundan
y) or when a disk fails.2.1.2 Internal Stru
ture of an Autonomous DiskFigure 2.2 shows the logi
al internal stru
ture of an Autonomous Disk; ea
h box 
or-responds to a Java obje
t on the runtime level. The EIS 
ommands (see se
tion 2.1.4)that make up the 
ommuni
ation between 
lients and disks as well as among disksare re
eived by a Communi
ationManager, whi
h also dispat
hes outgoing 
ommands.They are passed through FIFO Queues to either a RuleManager or a RuleManagerLog,depending on their type. The latter is used only on log disks (see se
tion 2.1.5 and�gure 2.1).1However, it may be ne
essary for one of the disks to temporarily assume su
h a role for 
ertain tasksto be 
ompleted 13
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Both types of rule managers 
reate instan
es of ECA Rules (see se
tion 2.1.3) basedon the type of and data in the EIS 
ommands, and exe
ute them. The rules are given therule manager obje
t as a 
ontext and a

ess the rest of the system by 
alling methodsprovided by the the rule manager 
lasses.These methods2 in turn do part of their work by using the LogManager 
lass (onlyon log disks) or the Dire
toryManager (a

ess to the main index), DataManager (high-level read and insert methods that 
ombine the a
tual data and index manipulations)and PageIO (low-level disk a

ess) 
lasses. The latter three are tightly inter
onne
tedand 
all ea
h other's methods to some degree.2.1.3 ECA RulesAll operations in the Autonomous Disks are 
ontrolled by rules following the event-
ondition-a
tion paradigm des
ribed in [4℄. This means that there are 
ertain eventsde�ned that, when they o

ur, 
ause the system to start pro
essing all rules whi
hde
lare that event as their trigger. Ea
h rule also de�nes 
onditions, and stops beingpro
essed if they are not ful�lled. If they are, then the a
tion de�ned by the rule isexe
uted. New rules 
an be added to adjust or extend the fun
tionality of the system.An example for an ECA rule:Event: Arrival of an insert 
ommandCondition: StreamID is not present on this disk a

ording to indexA
tion: Forward 
ommand to the disk that 
ontains the StreamIDGenerally, the events triggering the rules in the Autonomous Disks are arrivals of somesort of message over the network from a 
lient or another disk.2.1.4 Interfa
eData items are abstra
ted as untyped data streams, and the Autonomous Disks are in-tended to provide general storage servi
es for all kinds of data, su
h as XML do
uments,video data or sensor readings. Similar to OSD proposals [3℄ of an extended SCSI 
om-mand set, su
h obje
t-oriented treatment of data represents a more advan
ed interfa
ethan the blo
k-oriented 
ommands normally used to 
ontrol disks.EIS CommandsIn the Autonomous Disks, 
ommuni
ation between 
lients and disks as well as amongdisks happens through external interfa
e stream (EIS) 
ommands. These all have thesame standardized format. Here is a ex
erpt3 from the sour
e 
ode, showing the essentialmember variables of the EISCommand 
lass:2whi
h 
onstitute the internal stream 
ommands; see se
tion 2.1.43slightly modi�ed for aestheti
 purposes 15



int type;SiteID Sour
eID;String StreamID;byte[℄ Stream;type de�nes the type of 
ommand (su
h as insert, retrieve, result); its interpretation is�xed by 
onstant 
lass members of the EISCommand 
lass, the names of whi
h areused instead of numeri
 values in the 
ode.SiteID spe
i�es the identity of the node the 
ommand was issued by, though this 
an beindire
t. More 
on
retely, it is the node to whi
h results will be dire
ted. Usually,SiteID will represent an IP number.StreamID is the name of the Stream whi
h is a�e
ted by the 
ommand, as used in themain index; in some 
ommands, this may be unne
essary and thus have a nullvalue. In my work, this �ed was extended to 
arry additional information forde
lustering, see se
tion 6.2.1.Stream is the a
tual data being transferred. Again, this 
an be null in some 
ommands.As explained in se
tion 2.1.3, EIS 
ommands trigger the exe
ution of rules, so the ab-stra
t 
lient interfa
e a
tually 
onsists of both the EIS 
ommands, the installed rules,and the possibility to add new rules or modify old ones.IS CommandsThe rules are given the �elds of the triggering EIS 
ommand as data and an exe
ution
ontext (see se
tion 2.1.2) whi
h provides a number of internal stream (IS) 
ommandsthat the rules 
an use to do 
he
k their 
onditions and exe
ute their a
tions. Thus,the IS 
ommands provide the interfa
e of the Autonomous Disks system towards the(possibly user-provided or -modi�ed) rules. Originally, the following IS 
ommands wereimplemented:send: Send an EIS 
ommand to another disk or a 
lient.traverse: S
an the index4 for a stream ID.insert_lo
al: Insert a stream into the index4.read_lo
al: Read data from the physi
al disk using the index4.
at
hup: Used on log disks to start 
omitting the asyn
hronous ba
kups (see se
-tion 2.1.5).4There are a
tually two almost identi
al 
ommands; one that operates on the primary 
opy and anotherthat uses the ba
kup16



waitA
k: Wait for an a
knowledgement message after sending an EIS 
ommand.Two more 
ommands, 
ompose and de
ompose (whi
h are needed for de
lustering),were mentioned in [1℄ but not implemented. The implementation of these 
ommands(see se
tion 6.3) was at the 
ore of the pra
ti
al part of this diploma thesis.2.1.5 FeaturesFault Toleran
eFault toleran
e is implemented by asyn
hronous ba
kups: ea
h update operation is�rst syn
hronously written to a dedi
ated log disk whi
h then periodi
ally submits theoperations to one or more ba
kup 
opies of the database. These 
opies reside on thesame disks as the primary working 
opy, but interleaved in a way that guarantees thatthe entire database 
an still be a

essed even when one5 disk fails (see �gure 2.1).The disadvantage of this approa
h is that the syn
hronous write to the log disk addstwi
e the network laten
y to the response time of an insert request. However, in amultithreaded implementation, this time 
ould be used to servi
e other requests.Theoreti
ally, it would be possible to have a disk perform both logging and storage,but a dedi
ated log disk has the advantage of operating sequentially, and is thereforeable to log operations from several normal disks. Experiments have shown a single logdisk to be
ome the bottlene
k only when logging more than �ve disks; beyond thatpoint, it be
omes ne
essary to add more log disks. However, this depends on the natureof the operations being done; should the normal disks somehow also be able to operatesequentially, the log disk would be
ome a bandwidth bottlene
k earlier.Transparent skew handlingSkew handling is provided by the Fat-Btree parallel index des
ribed in se
tion 2.2, whi
hserves as the main index for the streams stored in the Autonomous Disks. Disks should
olle
t usage information, both in terms of spa
e and a

ess load, and pass it around6.Based on this information, a

ess and data distribution skews 
an be redu
ed by movingthe index ranges that the individual disks 
over, and move data a

ordingly.Unfortunately, sin
e the ranges must be 
ontinuous in order to enable the indexto operate e�
iently (see se
tion 2.2.1), there will sometimes be an imperfe
t tradeo�between the redu
tion of data distribution and a

ess skews:� If an index range 
ontains a small amount of data that is a

essed very frequently,it will have to o

upy a disk ex
lusively in order to avoid an a

ess bottlene
k,even though that 
ould leave the disk mostly empty. This e�e
t will be redu
edby 
a
hing.5or more, depending on the number of 
opies6A 
ir
ular token-passing s
heme is envisioned for this. The information doesn't need to be 
ompletelyup-to-date sin
e it is only used for a possibly ina

urate predi
tion of future a

ess frequen
y anyway.17



� If a range 
ontains a very large amount of data that is never a

essed, it wouldalso need to have an entire disk dedi
ated to it for spa
e reasons, wasting thatdisk's ability to perform a
tual work (ex
ept for doing the partial index lookupsfor some requests and forwarding them to the right disk).2.1.6 Comparison to Other Con
eptsThere are a number of networked storage 
on
epts whi
h the Autonomous Disks 
an be
ompared to:SANStorage Area Networks provide 
entralized storage spa
e whi
h is a

essed over a net-work. However, this network is dedi
ated 
ompletely to that task and separate from thegeneral 
ommuni
ations network. Additionally, the 
lient interfa
e usually is at a verylow level, e.g. SCSI 
ommands. Obviously, there is little resemblan
e between SANsand the Autonomous Disks, save the fa
t that both allow the storage to be removedfrom individual ma
hines and managed and re
on�gured 
entrally.DatabasesDatabase servers su
h as the Ora
le or IBM DB2 produ
ts, or more re
ently developedrelational database systems, o�er far more powerful fun
tionality than the AutonomousDisks. However, features su
h as fault toleran
e and skew handling, as well as de
lus-tering, are usually add-ons that need to be pur
hased separately and require additional
on�guration and administration overhead. Generally, the broad fun
tionality o�eredby databases also 
omes at the 
ost of very high 
omplexity in usage and administration.Autonomous Disks, on the other hand, o�er some of the 
ore fun
tionality and someadditional features at 
omparable or even in
reased (due to the Fat-Btree) performan
ewhile needing very little administration.NASNetwork Atta
hed Storage is a rather broad 
ategory whi
h generally means storageservers that are a

essed through high-level interfa
es (usually on a �lesystem level)a
ross a general-purpose network. Examples are Sun's NFS and the SMB proto
olused by Mi
rosoft's ��le sharing� servi
es. Here, too, fault toleran
e, skew handlingand de
lustering are usually expensive and 
ompli
ated add-ons. Still, this 
ategorya

omodates the Autonomous Disks best.All in all, The Autonomous Disks are probably best des
ribed as a networked hybridof a database and a parallel �lesystem that o�ers a useful subset of the normal featuresand adds some important features in an easy-to-use way.18



Root node

Inner nodes

Leaf nodes

DisksFigure 2.3: Stru
ture of the Fat-Btree index; line styles show whi
h nodes are pla
ed onwhi
h disk, in
luding dupli
ates2.1.7 PrototypeThere is a working, partial prototype implementation using the Java programming lan-guage7 and advan
ed 
ommodity hardware: Most of the development and some of theperforman
e testing took pla
e on PCs with 700 Mhz Intel Celeron pro
essors equippedwith 256MB RAM and 
onne
ted through swit
hed 100 MBit Ethernet. Some of theben
hmarks 
ould be run on a 
on�guration with faster CPUs and 
onne
ted throughGigabit Ethernet. Data migration and dynami
 re
on�guration, as well as the Fat-Btreeindex are not yet fully implemented. The work des
ribed in this paper 
onsisted of anextension of this prototype.2.2 The Fat-Btree Parallel IndexA 
entral role in the Autonomous Disks is played by the Fat-Btree [2℄, whi
h is a B+ treebased, parallel dire
tory stru
ture that avoids bottlene
ks for both reading and writing.2.2.1 Data DistributionData items are distributed a
ross the pro
essing elements in a simple range partitionings
heme, but the B-tree index allows migration of data items to adjust for data dis-tribution and a

ess skews as mentioned in se
tion 2.1.5. The range partitioning is ane
essary result of the index stru
ture (see se
tion 2.2.2); were data items s
attered overdisks freely and the Fat-Btree rules still applied, all internal nodes of the tree would haveto be 
opied on most disks, resulting in an index stru
ture (and performan
e) mu
h likethe Copy-whole-Btree (see se
tion 2.2.5).7IBM Java2 SDK 1.3 on Linux 19



Additionally, this keeps the number of request forwards to a minimum as des
ribedin se
tion 2.2.3. In parti
ular, a request that arrives at the disk that a
tually holds thedata item in question will never need to be forwarded.2.2.2 Index Stru
tureThe index stru
ture of the Fat-Btree is displayed in �gure 2.3. Basi
ally, the poli
y is tohave ea
h pro
essing element (PE) keep a 
opy of all tree nodes that must be traversedin order to rea
h any of the data items stored on that PE. E�e
tively,� Leaf nodes will usually not be dupli
ated.� The root node is dupli
ated on all PEs.� Nodes in inbetween levels are dupli
ated on some PEs, the more the 
loser to theroot they are.This poli
y has the advantage of allowing both read and write a

esses with high per-forman
e, unlike the alternative designs (see se
tion 2.2.5), whi
h perform well in onlyone of these and poor in the other.2.2.3 Read Performan
eThe Fat-Btree o�ers good read performan
e, as index lookup work 
an be balan
edbetween all PEs. When an index traversal arrives at a tree node whi
h is not on the
urrent PE, it always means that the data item a�e
ted by the request is also not on the
urrent PE. The request will be forwarded to one of the disks whi
h hold a 
opy of thenode. The average number of forwards (Whi
h of 
ourse dire
tly a�e
ts response timein a negative way) will be low, but in
reasing (very slowly) with the number of disksand size of the tree.2.2.4 Write Performan
eWrite performan
e is also good. Of 
ourse, having 
opies of index nodes means thatthere will be some syn
hronization overhead when one of them is 
hanged as the resultof an insert or delete operation, redu
ing performan
e. However, the impa
t of this ismu
h less than might be expe
ted, be
ause the number of 
opies de
reases exponentiallytowards the lower (i.e. 
lose to the leaf nodes) levels of the tree, while the probabilityof an insert or delete request resulting in 
hanges in a node de
reases exponentially inthe opposite dire
tion in a B-tree.In other words: the nodes that are most likely to have many 
opies (whi
h wouldresult in the most overhead when 
hanged) are also exa
tly the nodes whi
h will 
hangemost infrequently, while the nodes whi
h are most often 
hanged, the leaf nodes, are thosewith the lowest probability that there is a 
opy at all. In the end, write performan
e isnearly as good as if there were no syn
hronization overhead, be
ause due to the natureof B-trees, the vast majority of write operations a�e
t only one leaf node.20



2.2.5 Comparison to Other Parallel IndexesThere are two widely used ways to build a parallel system with an index, both of whi
hhave severe restri
tions in their performan
e; restri
tions that the Fat-Btree over
omes.Single-Index-Node:In this system, the index is kept on a single PE, while the data is split a
ross allthe others. The advantage is that there are no dupli
ates, so also no syn
hronizationoverhead: write performan
e is good. Additionally, there will always be exa
tly oneforward, be
ause the index lookup is always 
ompleted on the index PE. However, theindex PE 
an very qui
kly be
ome a bottlene
k for both reading and writing, whi
hmeans that this approa
h is not usable for large databases. The Fat-Btree, on the otherhand, exhibits no bottlene
ks.Copy-Whole Index:Here, the entire index is dupli
ated on all PEs. Obviously, this means that lookup work
an be perfe
tly balan
ed between all PEs, and that there will be at most one requestforward, sometimes none. The problem is that ea
h operation that 
hanges the indexrequires maximal syn
hronization overhead, sin
e all PEs are involved. Thus, the designis not suitable for any database with frequent 
hanges. Again, 
ompare the Fat-Btree,whi
h has sometimes syn
hronization overhead, but infrequently and usually small.
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3 GoalsThe proje
t had at its beginning the single, simple goal of enabling the AutonomousDisks to e�
iently handle large data items. However, this required some preliminarywork and a number of separate modi�
ations, and eventually a set of somewhat inde-pendant goals formed, whi
h are des
ribed in this 
hapter.3.1 Treatment of Arbitrary-Size DataObviously, a generalized data repository should be able to handle data items of arbi-trary size, as appli
ations that manipulate massive amounts of data, su
h as multimediastreams, large XML do
uments, sensor data from manufa
turing pro
esses, sto
k marketdata or data transmitted by astronomi
al observation satellites, be
ome more 
ommonor begin to employ more sophisti
ated, database-like storage systems for their superiordata a

ess and manipulation 
apabilities.This demand was also honored in the SQL99 extension of the SQL language, whi
hintrodu
ed the so-
alled BLOB, or �binary large obje
t� data types into an environ-ment whi
h had previously been 
on
erned only with the storage and manipulation ofrelatively small data items.Thus, the Autonomous Disks should also be able to handle streams of arbitrarysize. At the beginning of the proje
t, the prototype implementation (see se
tion 2.1.7)was not 
apable of storing streams larger than one disk page. Of 
ourse, 
lients 
ouldtheoreti
ally break up their data into disk-page sized 
hunks and submit these with gen-erated names, and one of the parallel e�orts did this, but it is obviously an unsatisfyingsolution be
ause it makes the Autonomous Disks harder to use. Also, sin
e 
lients haveno knowledge of the internal stru
ture of an Autonomous Disks 
luster, they 
annotperform optimal de
lustering (see se
tion 3.3).3.2 Allo
ation and Deallo
ationAnother feature that the prototype la
ked was the ability to allo
ate and deallo
ate spa
efreely. Spa
e was allo
ated at the end of a �le, one page at a time, and deallo
ationwas not supported at all. In order to improve the overall 
apability, I de
ided to �rstimplement a full allo
ation subsystem instead of just extending the existing system toalso allo
ate larger extents.An allo
ation subsystem must mainly perform two tasks: 23



Unsatisfiable Request

Allocation Unit Free Space User Data Internal FragmentationFigure 3.1: Partially allo
ated storage. A request for more than two allo
ation units
annot be satis�ed, though enough free spa
e is available: external fragmen-tation� A

ept requests for the allo
ation of a given amount of spa
e, �nd for ea
h requesta large enough amount of free spa
e to satisfy it, mark the spa
e as used and makeit available to the originator of the request.� A

ept deallo
ation requests for spa
e that is not anymore needed by an appli
ationand add it to the free spa
e pool so that it 
an be reused.Additionlly, there are two important 
onstraints on how allo
ators should perform thesetasks:Speed There should be little delay, i.e. the allo
ator should not need to perform manyCPU- or IO-intensive operations.E�
ien
y The allo
ator should waste as little spa
e as possible.The latter requirement is the more problemati
 one, as it has been shown in [8℄ that it
an not be satis�ed for all 
ases: For any given allo
ation me
hanism, there is alwayssome sort of allo
ation pattern that will result in high fragmentation.Fragmentation is the term generally used for spa
e �wasted� by allo
ators. There aretwo distin
t types of fragmentation, and some allo
ators use a tradeo� between the twotypes. See �gure 3.1 for an explanatory image.Internal Fragmentation is spa
e that is allo
ated but not used, due to 
onstraints onallo
ation sizes or obje
t alignment.External Fragmentation is spa
e that is free, but 
annot be used to satisfy a request,usually be
ause the free spa
e is divided into several separate 
hunks, while therequest needs one 
ontinuous 
hunk. Another sour
e of external fragmentation arealignment restri
tions in some allo
ator me
hanisms1 that prevent 
onse
utive freespa
e from being allo
ated as a whole in some 
ases.I wanted to provide the ability to allo
ate 
ontinuous extents of disk spa
e as required,as well as deallo
ate unneeded spa
e and automati
ally 
oales
e adja
ent free extents,1Namely in buddy systems, see se
tion 4.1.324



A

BFigure 3.2: A: monolithi
 streams make skew handling impossible � B: de
lusteredstreams enable skew handlingand do it in a fashion that would result in little overhead and low fragmentation. Later, Ide
ided to add the ability to allo
ate spa
e �near� a given blo
k address, a te
hnique thatmight be used to redu
e seek times by keeping related data stru
tures 
lose together.3.3 De
lusteringAs streams be
ome larger, it is more and more desirable to distribute (or �de
luster�)them a
ross several disks, sin
e that makes it possible to 
ombine the transfer rates ofthe disks to a
hieve a higher total throughput and lower response time. Furthermore,skew handling is mu
h easier when there are many small streams instead of few largeones, be
ause skew handling is done by migrating streams a
ross disks, and the streams'size therefore a
ts as a �grain� on skew handling and limits its appli
ability, as shownin �gure 3.2. In fa
t, de
lustering already represents a simple method of avoiding, or atleast redu
ing data distribution and a

ess skews.Finally, sin
e the implemented allo
ation subsystem (see se
tion 5.1) avoids theindire
tion-related speed penalty of indexed allo
ation, it has to allo
ate spa
e requests
ontinuously. If the available free spa
e is fragmented (whi
h 
annot be avoided in somesituations), a large allo
ation request may fail even though enough spa
e is available.However, several smaller requests are mu
h more likely to be satis�ed even when frag-mentation is severe. Of 
ourse, this phenomenon is basi
ally the same as indexed storage,imposing a similar speed penalty, but yielding the additional bene�ts mentioned above.Data de
lustering a
ross disks has been the subje
t of many previous resear
h e�orts,su
h as [17℄ [14℄ [24℄, and di�erent methods with various requirements and strengthshave been developed. Obviously, it is desirable to allow the 
hoi
e between severalde
lustering methods sin
e some methods may be espe
ially suited for a parti
ular kindof environment or data. Ideally, it should be possible to easily add new de
lusteringmethods. 25



3.4 Consisten
y with Autonomous Disks PropertiesOf ourse, the implementation of the above goals should also be done in a way thatinterferes as little as possible with the rest of the system, retains the other features ofthe Autonomous disks and 
reates as little additional 
omplexity as possible.This sounds obvious, but as we will see, it's not easy to do and therefore importantto keep in mind as a major separate goal.
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4 Related WorkAny serious s
ienti�
 work must take into 
onsideration previous resear
h e�orts on thesame or similar subje
ts, to avoid repeating work that has already been done, espe
iallyin 
ases where other, superior te
hniques have been found. Therefore, this 
hapterprovides a survey of related e�orts.4.1 Allo
ationAs des
ribed in se
tion 5.1, the �rst step in my modi�
ations of the Autonomous Disksdesign was the addition of a subsystem for disk spa
e allo
ation and deallo
ation. Thereare a number of approa
hes to and theoreti
al 
onsiderations of this 
lassi
al problem,and I took several of those into a

ount.4.1.1 Allo
ation StrategiesIn [6℄, Wilson et al. provided a survey of dynami
 storage allo
ation te
hniques to avoidfragmentation. In [7℄, two of the same authors elaborated upon their 
on
lusions byben
hmarking the performan
e of a number of allo
ation te
hniques for allo
ation tra
esobtained from various real-world appli
ations. Their work 
on
entrates on allo
ationof semi
ondu
tor memory, not harddisks, but I believe that their 
on
lusions are stillappli
able to some degree.In [6℄, the authors argue that there are three distin
t aspe
ts of solutions to theallo
ation problem:Strategy: a set of overall long-term de
isions whi
h aim to provide good allo
ation thatexploits regularities in program behaviour. A major part of a strategy may be thede�nition of what exa
tly 
onstitutes �good� allo
ation.Poli
y: a
tual rules that spe
ify whi
h of the su�
iently large free blo
ks should beused to satisfy a given requestMe
hanism: the algorithms, data stru
tures and other details of a real implementationof a given poli
y.A

ording to the authors, too mu
h attention has been paid to detailed me
hanisms, toolittle to poli
ies and virtually none to strategies. They also argue that the randomizedsyntheti
 tra
es upon whi
h most previous allo
ator ben
hmarks had been based are27



not realisti
, be
ause real world appli
ations exhibit phase behaviour in both requestsizes and obje
t lifetimes, and there is often a 
orrellation between the two. The la
k ofthese 
hara
teristi
s in randomized tra
es 
an a�e
t fragmentation both positively andnegatively.However, in [7℄, the authors found that a number of well-known allo
ation te
hniques1produ
ed extremely low fragmentation when pro
essing their tra
es. They 
on
ludedthat the phase behaviour of real-world appli
ations favors these allo
ators, while ran-domized tra
es penalize them unne
essarily, 
ausing programmers to avoid using them,espe
ially sin
e some of them are (falsely) thought to be slow.In regard to the question of allo
ation strategies, the authors 
on
ede (not openlythough) that it is hard to �nd a poli
y that implements a given desired strategy, andto understand exa
tly what strategy a given poli
y implements. They fo
us mostly onpoli
ies, but 
laim that the well-performing allo
ators mostly do so be
ause they allimplement two su

essful strategies: pla
ing obje
ts allo
ated at the same time togetherbe
ause they tend to be deallo
ated at the same time, and allo
ating re
ently deallo
atedspa
e preferentially in order to give other free spa
e time to be 
oales
ed.When estimating the appli
ability of these results to the allo
ation of harddisk spa
e,there are several issues to 
onsider. First of all, the experiments in [7℄ used only short-time runs of programs; after the end of the pro
ess, all address spa
e allo
ated to itis freed, and so fragmentation is a 
onsiderably smaller problem than with harddisks,where the lifetime of an area with allo
ation a
tivity, usually an entire �lesystem, ismu
h longer - often years2.On the other hand, allo
ation and deallo
ation o

urs mu
h more slowly on disks,and there is no reason that the fragmentation situation would be
ome dramati
ally worseover time when the experiments showed very little fragmentation during a limited-timeprogram run that already displayed some phase behaviour.A more important di�eren
e is the parallel usage of disk spa
e by many appli
ations,even many users. In [6℄ and [7℄, a basi
 assumption was that an allo
ator needs todeal with allo
ation and deallo
ation requests of only one appli
ation, but this is hardlyever true with harddisks. Thus, the experimental results 
annot be expe
ted to apply
ompletely.However, it seems extremely unlikely that parallel usage would result in any kind ofmali
ious regularities - at worst, the allo
ation patters should be similar to the randomtra
es that Wilson et al. deemed un�t for allo
ation ben
hmarks. More likely, someof the bene�
ial phase behaviour that led to the very low fragmentation observed in[7℄ would be preserved and the fragmentation be somewhere between that and the oneobserved with random tra
es.Sin
e studies 
ited in [6℄ showed the same allo
ation te
hniques that performed so1Namely, 
ertain variants of �best �t� and ��rst �t� as well as a size-
lass-based allo
ator developedby Doug Lea.2At �rst gla
e, the fragmentation problem may also seem to apply to the entirety of physi
al RAMwhile the 
omputer is running, but due to the virtual memory ar
hite
tures of modern operatingsystems, it is not an issue28



well in [7℄ to perform at least adequately3 for random tra
es, it seems warranted touse one of those te
hniques and expe
t fragmentation to be tolerable. My implemen-tation (see se
tion 5.1) thus adopted �address-ordered best �t�, a poli
y that showedthe se
ond-lowest fragmentation in [7℄ and has qui
ker implementations than the evenbetter �address-ordered �rst �t� poli
y. The a
tual implementation is highly e�
ientand s
alable, inspired by the XFS �le system (see se
tion 4.1.4).Another aspe
t of allo
ation that was analzed in [6℄, and whi
h deserves brief mentionis the 
on
ept of deferred 
oales
ing. This manifests as a simple list of �xed size in whi
hre
ently freed extents are stored, with no attempt of 
oales
ing them with adja
ent freespa
e. When an allo
ation request is served, this list is sear
hed sequentially beforethe normal mea
hanism is applied. The reason to do this is that after an extent isfreed, it will often be immediately reused to serve an allo
ation request, in whi
h 
asethe 
oales
ing would have been unne
essary work. The te
hnique a�e
ts both speedand fragmentation, but the e�e
ts are not well resear
hed. It was adopted for theAutonomous Disks' allo
ation subsystem, not be
ause of speed gains but be
ause adesign ne
essity explained in se
tion 5.1.2.4.1.2 Traditional File SystemsTraditionally, spa
e management in �le systems has been done through bitmaps, wherethe state of ea
h blo
k � used or unused � is stored as one bit in the bitmap. This issimple to implement, but has the obvious disadvantages that �nding enough free spa
eto satisfy a request requires a sequential s
an through the bitmap, and the ne
essarywork for allo
ating or deallo
ating a blo
k also in
reases linearly with its size. However,there are some fa
tors that make this approa
h viable reagrdless:� File systems are normally used to store many 
omparatively small �les, so allo
a-tion requests are usually easy to satisfy.� Most �le systems use some kind of �indexed allo
ation�, in whi
h a �le 
an 
onsistof a (possibly large) number of non-
ontinuous 
hunks, so that large allo
ationrequests 
an be satis�ed by using several smaller free extents, avoiding exhausivesear
hes.� The allo
ation unit (the blo
k size) is 
omparatively large, making the bitmap andthus the 
onstant fa
tor of the linear 
ost relatively small.For these reasons, most �le systems 
hoose the bitmap approa
h despite its speed penalty.Examples are traditional Unix �le systems like the BSD FFS or Linux ext2, WindowsNT's NTFS [9℄, the Ma
intosh HFS [10℄ and the BeOS �le system [11℄.Sin
e the Autonomous Disks are a hybrid of �le system and database (see se
-tion 2.1.6), I wanted to avoid the speed penalty of indexed allo
ation for most data3Under strong assumptions, espe
ially of randomness, they follow the ��fty per
ent rule� developedby Knuth in [5℄, whi
h says that the number of unused (in
luding unusable due to fragmentation)blo
ks tends to be half as mu
h as the number of blo
ks in use. 29
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ated. *: Free blo
ks 
annot be allo
atedtogether due to alignmentitems. This also made the bitmap approa
h infeasible, so I needed to �nd a more s
al-able solution.4.1.3 Buddy SystemsOne group of storage management methods that avoid sequential s
anning are buddysystems, as des
ribed in [5℄. In a buddy system, spa
e is divided into �xed-size blo
ksthat 
an be hierar
hi
ally subdivided. Ea
h blo
k has a buddy, with whi
h it 
an be
ombined to form a blo
k of the next higher hierar
hy level. Blo
ks are allo
ated as awhole, so requests have to be rounded up to the next higher blo
k size. If no blo
k ofthat size is available, a blo
k of the next higher size is split and one of the two buddiesused. The most 
ommon 
ase is the binary buddy system, in whi
h blo
k sizes are powersof two. See �gure 4.1 for an explanatory image.The advantage of this system is that �nding a free blo
k of the appropriate size 
anbe done very easily and qui
kly by keeping a lists of the free blo
ks in ea
h size 
lass.Finding a blo
k's buddy is a matter of address 
al
ulation, and so 
oales
ing is alsosimple and speedy if usage information is kept in a data stru
ture, su
h as a hiera
hi
albitmap, that performs these operations qui
kly.Unfortunately, the system also has a severe disadvantage: the size 
lasses result ina very high internal fragmentation (25% on average for the binary buddy system), andalignment restri
tions (see �gure 4.1 for an example) add to external fragmentation.Consequently, buddy systems exhibited prohibitively high fragmentation in [7℄. Forthis reason, the te
hnique is not very popular and it is usually not 
onsidered at allfor harddisk allo
ation, possibly also be
ause the well-known implementation methoddes
ribed in [5℄ is not appropriate for use on harddisks.However, Ko
h des
ribed in [12℄, how a binary buddy system was su

essfully usedfor disk spa
e allo
ation on the Dartmouth Time-Sharing System. To my knowledge,this is the only buddy-system-based �le system implemented and des
ribed in literature.The key to its su

ess was again the (extent-based) indexed allo
ation, whi
h made it30



possible to drasti
ally redu
e fragmentation by allo
ating a �le on a small set4 of non-
ontinuous extents instead of a single one. For example, a �le of 19K+1 bytes in sizewould be allo
ated two extents of 16K and 4K, instead of one extent of 32K, as would bene
essary in a �pure� binary buddy system, thus redu
ing internal fragmentation from40.6% to only 5%. This optimization was performed mostly by a periodi
ally runningutility that reallo
ated �les with high internal fragmentation, sin
e allo
ation has to bedone when ne
essary during write operations, and 
annot assume knowledge of the �lesize after the �nal 
lose operation.This unique approa
h seems surprisingly e�e
tive and somewhat unfairly ignored by�le system designers, though the need for the reallo
ation utility limits its usability tosystems in whi
h �le 
reation, growing and shrinking are relatively infrequent, and thathave o�-peak times during whi
h the relatively resour
e-hungry utility 
an run withoutimpeding produ
tive operation.In regard to the Autonomous Disks, however, it is not appli
able, due to the la
k ofindexed allo
ation. Additionally, Autonomous Disks might well be used in database-likeenvironments where the overhead resulting from the reallo
ation utility would not betolerable.4.1.4 XFSIn [13℄, Sweeney des
ribes the ar
hite
ture of XFS, the default �le system used in Sili
onGraphi
s' IRIX operating system sin
e 1996. It is not really a parallel �le system be
auseit does not dire
tly employ or support any kind of parallelism, but it is designed not toobstru
t parallel operation when the underlying storage is some sort of disk array.More interesting from my viewpoint was the highly s
alable design of its internaldata stru
tures, in
luding those used in the management of free spa
e:XFS uses B-trees to e�
iently implement a �best �t� allo
ation poli
y. Free spa
e ismanaged in extents of 
onse
utive free blo
ks. The extents are kept in two B-trees, oneindexed on extent size, the other on the extents' starting address. The �rst is used to�nd the smallest extent that 
an satisfy an allo
ation request5, while the address-indexedtree is used to 
oales
e free extents and to �nd free spa
e �near� a given address6.The e�
ien
y and s
alability of this approa
h, even when not using indexed allo
a-tion, made it ideal for the allo
ation subsystem in the Autonomous Disks, and I thereforeadopted this design in my implementation des
ribed in se
tion 5.1.4.2 File SystemsAs mentioned in se
tion 2.1.6, the Autonomous Disks are basi
ally something interme-diate between a parallel �le system and a (very simple) parallel database with the added
apabilities of skew handling and fault toleran
e. Even though the �le system aspe
t was4Only around 1.3 on average5this 
onstitutes the �best �t� allo
ation poli
y.6This allows related data to be kept 
lose together, whi
h redu
es seek times. 31



not 
onsidered mu
h in [1℄, it is in my opinion the dominant one, therefore I 
onsideredother resear
h e�orts on (espe
ially parallel) �le systems prominently.4.2.1 BPFSIn [28℄, Russell des
ribes the ar
hite
ture of BPFS, a Basi
 Parallel File System. Thiswork was not 
onsidered when designing my ar
hite
ture, but in retrospe
t, my de
lus-tering subsystem ended up being remarkably similar to the BPFS ar
hite
ture.BPFS is designed as a modular, distributed parallel �lesystem for use on 
lustersof workstations. Its 
ore is an ar
hite
ture and a set of proto
ols for 
ommuni
ationbetween the 
omponents. The implementation des
ribed in [28℄ is relatively low-level,providing no �lesystem stru
ture and using an underlying native �lesystem to providethe storage and indexing. The BPFS fun
tionality is divided into four main 
omponents:Clients 
olle
t the data for a user or appli
ation. They are expe
ted to be realized aslibraries that en
apsule the BPFS fun
tionality and provide an API that may besimilar or identi
al to existing ones7. The number of 
lient pro
esses on ea
h nodedepends on the implementation.Servers 
ontrol the a
tual data, and ea
h server pro
ess is solely responsible for alla

ess to its assigned storage; this makes sense be
ause the physi
al disk for
es asequential exe
ution of requests anyway.Managers handle the metadata of �les, the de
lustering, 
reation and deletion. Onemanager pro
ess is solely responsible for all metadata a

ess to a set of �les. Itneeds some storage in whi
h to keep the metadata.Agents a
t as proxies for 
lient requests and perform 
a
hing as well as hiding thede
lustering from the 
lient. There is one agent pro
ess for ea
h open �le and itperforms all operations on that �le.These 
omponents are distributed over three types of �logi
al nodes�; there 
an be mul-tiple instan
es of ea
h type, distributed among a network of (possibly) heterogenousphysi
al nodes. A physi
al node 
an 
ontain instan
es of more than one type of logi
alnode. The three types of logi
al nodes are:Client Nodes 
onsist of a user appli
ation pro
ess that a

esses BPFS via a 
lient
omponent.Server Nodes 
onsist of a server 
omponent, a large amount of storage whi
h it 
ontrols,and a number of agent 
omponents.Manager Nodes 
onsist of a manager 
omponent and a (relatively small) amount ofstorage for metadata.32
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De
lustering is performed by mapping lo
ations within a �le on names of (and o�setswithin) �data 
omponents� whi
h are distributed a
ross the disks. The mapping fun
tion
an be supplied by the 
lient and the mapping data is stored as �le metadata in the�le's manager 
omponent.It's easy to see that this is basi
ally the same approa
h taken in my approa
h ofde
lustering for the Autonomous Disks. There are, however, also some di�eren
es:� The BPFS handling of mapping fun
tions appears more �exible, espe
ially the fa
tthat a 
lient is des
ribed as being free to supply a 
ompletely new mapping fu
tion.However, it is not des
ribed how this fun
tion is stored and 
omputed by themanager. This feature might add 
onsiderable 
omplexity to the implementation.� My design doesn't have the division into separate manager, server and agent pro-
esses; ea
h Autonomous disk performs all of these tasks. Espe
ially notable isthe la
k of a separate agent 
omponent; the autonomous Disks design is statelessand does not require the opening of �les. This avoids resour
e bottlene
ks8 andsetup delays, though having a separate agent pro
ess might be bene�
ial for largeoperations and espe
ially for stream-oriented appli
ations that require a 
onstantdata rate (see se
tion 10.4) and prevent superstream index entries from be
omingbottlene
ks (see se
tion 5.3).� The BPFS design does not address issues su
h as fault toleran
e9, indexing andload balan
ing, while in the Autonomous Disks design, these features are seam-lessly provided by the rest of the system. It is 
on
eivable that a di�erent BPFSimplementation might provide these on a separate layer, but the result 
ould beless e�
ient be
ause the overall design does not take them into a

ount.This is probably a very general tradeo� between modularity and performan
e:
learly separated modules fa
iliate design and maintenan
e on a high level andallow parts of the system to be repla
ed separately from the rest, but if the APIsbetween the modules are too narrow, they might not allow some forms of inter-a
tion that might be bene�
ial, espe
ially for performan
e. On the other hand, ifthey are too big, they be
ome di�
ult to use and the probability in
reases thatthere are hidden dependen
ies that e�e
tively destroy the modularity.Still, the similarity between the two approa
hes is strong and 
an be seen as an indi
ationthat the design is fundamentally sound.4.2.2 Sta
ked FilesystemsIn [29℄, Heidemann developed what he 
alls the �sta
kable� design of �le systems. Thisbasi
allymeans a layered approa
h in whi
h ea
h layer a

epts any kind of operation, and7one of the implemented 
lient libraries mimi
s the standard C IO library8the agents are analogous to the �le des
riptors in traditional Unix �le systems9a severe drawba
k, sin
e the probability of a hardware failure exponentially approa
hes one as thenumber of involved 
omponents in
reases34



res_path 
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 free rd_blo
k wr_blo
kRead-Only Æ � � � Æ � Æ Æ Æ ÆDire
tory � � � Æ Æ Æ Æ Æ Æ ÆInode/File Æ � � � � � � � Æ ÆAllo
ation Æ Æ Æ Æ Æ Æ � � � �Ca
he Æ Æ Æ Æ Æ Æ Æ Æ � �Blo
k Æ Æ Æ Æ Æ Æ Æ Æ � �Default � � � � � � � � � ��: reje
t Æ: unknown/pass-through �: implement/modify.Figure 4.3: A sta
ked �le system and a part of its operations ve
tor, showing how oper-ations are handled through the sta
k. Note that an implemented operationin one layer may result in this or other operations of the layer below being
alled.either exe
utes it (possibly 
alling one or more operations of the layer beneath), reje
tsit (
reating an error) or, if it isn't 
on
erned with the operation (the most 
ommon 
ase),passes it through un
hanged.Ea
h layer should provide a separate, small part of the �lesystem fun
tionality. Ex-amples are en
ryption layers, 
a
he layers or network transparen
y layers. The fun
tion-ality might also be extremely small, su
h as 
ompatibility adjustments or making a �lesystem read-only. This is 
alled a �featherweight layer� by Heidemann and given spe
ialattention. Additionally, he develops a 
a
he 
oheren
e framework to make 
a
hing ondi�erent layers possible while keeping data 
onsistent.The reason for the development of sta
kable design is stated as the need to make �lesystems easier to design and implement, and (more importantly) allow binary 
ompati-bility between �le system modules from di�erent parties (i.e. software vendors) withoutrequiring a

ess to the sour
e 
ode.Heidemann himself mentions that there are strong parallels between his sta
kingte
hniques and obje
t-oriented design10. Ea
h layer might be implemented as a 
lassthat has an obje
t of the next lower layer as an instan
e member, and featherweightlayering is nearly equivalent to the 
reation of a sub
lass that overrides one or a fewmethods.However, the 
entral feature of the sta
king 
on
ept (though it is not stressed in thepaper) is the dynami
 
on�guration of a sta
k of layers that were written independantlyfrom ea
h other, in whi
h a global operations ve
tor is 
reated that 
onsists of fun
tionpointers to the implementations of all operations o�ered by the sta
k. This would be veryinelegant or di�
ult to emulate in Java, requiring either the use of �generi
� methodsthat take e.g. an array of byte arrays as their arguments and parsing those, or some sortof on-the-�y rewriting of 
lasses by a 
ustomized ClassLoader to make them 
ontainpass-through methods for operations o�ered by lower layers that they don't modify.Sin
e the Autonomous Disks prototype implementation (see se
tion 2.1) on whi
h10or languages, su
h as our implmentation language Java 35



my work was based did not use a layer approa
h for its design, and sin
e the obje
t-orientation of the implementation language already provides bene�ts (in regard to designease) of the sta
king te
hnique while the others (binary 
ompatibility) are of questionablerelevan
e, espe
ially for a resear
h prototype system, I 
hose not to try applying thesta
king te
hnique to my design.4.2.3 Galleyin [30℄, Nieuwejaar and Kotz present Galley, a parallel �le system that is intended mainlyfor use on massively parallel super
omputers. They 
ite results showing that the a
tuala

ess patterns of s
ienti�
 appli
ations developed for su
h systems are fundamentallydi�erent from those in unipro
essor or ve
tor super
omputers and therefore not ade-quately handled by traditional parallel �le systems. In parti
ular, su
h appli
ationstend to make large numbers of regular, but small and non-
onse
utive �le a

esses,whi
h traditional �le systems don't parallelize e�e
tively.The main improvement in Galley is therefore the introdu
tion of a powerful (and very
omplex) interfa
e that appli
ation programs 
an use to spe
ify their a

ess patterns, inparti
ular strided patterns, whi
h are very 
ommon in s
ienti�
 appli
ations. A strideda

ess pattern is one that 
onsists of multiple a

esses of identi
al size and with identi
alintervals between them. Galley allows the appli
ation to spe
ify both simple and nestedstrided a

ess patterns, giving Galley mu
h more information than other �le systemswhi
h it 
an use to exe
ute requests in parallel, 
oales
e them if possible, and performintelligent disk s
heduling.De
lustering is provided by splitting �les into a �xed number11 of sub�les, where ea
hdisk 
ontains at most one sub�le of any given �le. Additionally, ea
h sub�le 
an 
ontainone or more (
ompletely separate) forks of data. Sub�les and forks must be expli
itlyaddressed by the appli
ation (or a library it uses). This gives the developer maximum�exibility for the development of IO-optimal parallel algorithms.Galley obviously provides very useful fun
tionality that 
ould result in large perfor-man
e gains in its intended target environment: s
ienti�
 appli
ations that do �number
run
hing� on massively parallel systems. However, this environment di�ers a lot fromthat whi
h Autonomous Disks are intended for. Appli
ations programmers who want tomake use of Galley's performan
e improvements need signi�
ant knowledge of the sys-tem details and must write their appli
ations spe
i�
ally for Galley, while a key featureof Autonomous Disks is easy, transparent use of their features. Additionally, Galley isdesigned to 
ater optimally to a single parallel appli
ation that uses a few massive datastru
tures, and it might not perform very well in a multiuser environment with manydi�erent data items, for whi
h Autonomous Disks are intended.For these reasons, and be
ause Galley does not address issues su
h as skew handlingand fault toleran
e, whi
h are key features of Autonomous Disks, Galley is largely in-
ompatible with my proje
t and was not 
onsidered as a sour
e of ideas during its designand implementation.11to be 
hosen when 
reating a �le36
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e of striping on response time and disk busy time4.3 De
lusteringEnabling the Autonomous Disks to provide de
lustering was a 
entral part of my work,therefore other resear
h e�orts in this �eld were of 
ourse also relevant. Papers onde
lustering usually des
ribe only 
ertain strategies of distributing the data, not waysto manage the distributed data; these tend to be too integrated into the overall systemdesign to be generalizable and are therefore found in papers that des
ribe su
h designs(like the one in se
tion 4.2.1).However, even though I only implemented two unsophisti
ated de
lustering strategiesthat are not based on any parti
ular paper, taking into a

ount available de
lusteringstrategies was important, sin
e looking at them provides requirements that a de
lusteringframework su
h as the one des
ribed in se
tions 5.3 and 5.4 has to meet in order tosupport a variety of de
lustering strategies.4.3.1 One-Dimensional DataStripe SizeIn [15℄, S
heuermann, Weikum and Zabba
k present a model for data partitioning a
rossdisks that takes into a

ount response time, throughput and load balan
ing. I did not
onsider the load balan
ing aspe
t, be
ause the Autonomous Disks already provide loadbalan
ing. However, their work 
learly shows that the stripe size, the unit into whi
hdata is divided when de
lustering it, is an important tuning parameter. There are twomain 
onsiderations that form a tradeo�:� The stripe size should be small enough so that most requests involve all disks,to bene�t from the aggregated transfer rate of the disks - the main advantage ofde
lustering. Thus, the average request time should be taken into a

ount.� On the other hand, a smaller stripe size leads to in
reased overall disk busy timeper request, due to disk seeks. This redu
es the throughput when there are multiplerequests being served at the same time. 37
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Figure 4.5: De
lustering of re
ord-based data: Round-Robin, Hash, Range and Hybrid-Range de
lusteringThis tradeo� is illustrated in �gure 4.4. The importan
e of the right stripe size wastaken into a

ount when designing the Autonomous Disks de
lustering in su
h a waythat the stripe size for ea
h stream 
an be 
hosen separately, as des
ribed in se
tion 5.4.Hybrid-Range PartitioningIn [14℄, Ghandeharizadeh and DeWitt proposed their Hybrid-Range Paritioning Strategyfor de
lustering in multipro
essor databases. They observed that for re
ord-based data,hash-based and round-robin de
lustering has the result that even small range querieshave to be pro
essed on all PEs, in
urring a relatively large parallelism overhead. Onthe other hand, simple range partitioning has the disadvantage of 
on�ning even verylarge range queries to just one or two PEs, so that no intra-query parallelism is usedand the response time is long.They therefore proposed a de
lustering strategy in whi
h the data is split into rela-tively small fragments, ea
h 
ontaining re
ords with a small range of the index attribute.These fragments are then distributed a
ross all the disks using a round-robin s
heme.The result (see �gute 4.5) is that small range queries are 
on�ned to one or a few PEs,minimizing overhead, while larger ones use all disks to improve the response time. Thesize of the fragments 
an be optimized, taking into 
onsideration the average resour
erequirements and size of queries to a
hieve the distribution that mat
hes the workloadbest.The Autonomous Disks (or rather, the Fat-Btree) use a range partitioning with �ex-ible ranges for the main index attribute, as des
ribed in se
tion 2.2. However, individualstreams may have an internal database-like stru
ture, su
h as the �les used by Berke-ley DB style databases. Even non-database streams may frequently experien
e �rangequeries�, i.e. a

esses to a 
ertain limited range within the stream (for example displayinga short ex
erpt of a video stream).Therefore, it is bene�
ial to use a hybrid-range partitioning for the de
lusteringof individual streams in the Autonomous Disks, and the approa
h taken by me (seese
tion 5.3) is quite similar. Of 
ourse, re
ord-based hash or round-robin de
lusteringis not possible at all with generalized, unstru
tured data streams, so I 
hose hybrid-38
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hemerange de
lustering over a simple range partitioning s
heme. In addition to the possibleperforman
e-related advantages, this was also 
hosen be
ause it allows the skew handlingto be more �ne-grained (see se
tion 3.3 and �gure 3.2).Raid-xIn [16℄, Hwang et al. presented RAID-x, a new distributed RAID ar
hite
ture. Thedistinguishing features of their system are:� A blo
k distributionmethod for a
hieving both fault toleran
e and high throughputfor reading and writing 
alled Orthogonal Striping and Mirroring (OSM). Datablo
ks are striped a
ross all disks, but ba
kup 
opies are grouped together andwritten sequentially, as shown in �gure 4.6.� Cooperative Disk Drivers (CCD), an ar
hite
ture for establishing a transparentsingle I/O spa
e a
ross the nodes of the parallel RAID 
luster.� A disk 
on�guration in whi
h ea
h node of the 
luster has several disks, forminga two-dimensional disk array that allows both parallel and pipelined a

ess.It is not 
lear how mu
h the integration of these features is ne
essary, or whether they
ould be used independently from ea
h other. The result are aggregated read transferrates 
omparable to those of a RAID-5 
on�guration, and just like RAID-5, RAID-x
an tolerate a single disk failure. However, be
ause there is no parity 
al
ulation, writeperforman
e is mu
h better than RAID-5. The drawba
k is that RAID-x requires 50%data redundan
y, but tolerates only a single disk failure.In regard to the Autonomous Disks, the OSM distribution might be bene�
ial, but[16℄ does not 
ompare its performan
e to RAID-0/1 (
ombined mirroring and striping),whi
h is a 
ommon 
on�guration and very similar to the way the Autonomous Disksde
lustering operates. In general, the RAID-x design is intended for blo
k-level a

ess39



and it would not be easy to apply it to an obje
t-oriented ar
hite
ture, espe
ially withregard to the skew-handling-indu
ed data migration of the Autonomous Disks.The Cooperative Disk Drivers, on the other hand, are quite similar to the way theAutonomous Disks operate: a serverless 
luster of nodes forming a single data repositorytowards 
lients. However, sin
e they provide only blo
k-level a

ess and neither skewhandling nor dynami
 re
on�guration, their job is mu
h simpler.4.3.2 Two-Dimensional DataIn the 1990ies, several resear
h e�orts produ
ed a 
ontinuous evolution of de
lusterings
hemes that a
hieve good response times for range queries on (mainly) two-dimensionaldata, su
h as the retrieval of all available information on an area of a map sele
ted bya user. The problem here is to distribute the information a
ross the disks in su
h amanner that � as far as possible � ea
h possible range query results in all disks beingused equally.Unfortunately, Abdel-Gha�ar and El Abbadi showed in [18℄ that su
h a stri
tlyoptimal s
heme exists only under very narrow 
onditions12, namely if either M , thenumber of disks, is 1,2,3 or 5, or the number of tiles in all but one of the dimensionsis only 1 or 2. However, the aforementioned evolution has yielded methods that 
ome
loser and 
loser to a stri
tly optimal de
lustering.Disk Modulo (�gure 4.7)The �rst su
h s
heme was the Disk Modulo s
heme introdu
ed in [19℄ and extended in[20℄, in whi
h the data is divided into tiles and tile (x; y) is assigned to disk number(x+ y) modM . This is appli
able for any M , but the performan
e is lower than all theother methods.Field-XOR (�gure 4.10)Another method is the Fieldwise Ex
lusive-or s
heme, in whi
h tiles are assigned to disknumber (x 
 y) modM (the binary representations of the tile numbers are 
ombinedthrough a bitwise ex
lusive-or operation). This a
hieves better performan
e, but itrequires M to be a power of 2 and elaborate 
orre
tion te
hniques if the number of tilesis smaller than M in one of the dimensions.
12However, this limitation is true only for the 
hosen partition of the index spa
e into re
tangular tiles,a 
hoi
e that seems obvious, but has severe drawba
ks, as dis
ussed in se
tion 4.3.340
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Method Tiles per dimension Number of DisksDisk Modulo Any AnyField-XOR Compli
ations if < # disks Power of 2Error-Corre
ting Codes Power of 2 Power of 2Hilbert Curve Any AnyCy
li
 De
lustering Any AnyGolden Ratio Sequen
es Any AnyFigure 4.13: Limitations imposed by the various two-dimensional de
lustering methodsError-Corre
ting Codes (�gure 4.8)Both of these methods are outperformed signi�
antly (as shown in [23℄) by the ECCs
heme presented in [22℄, whi
h uses error-
orre
ting gray 
odes. The binary representa-tions of the tile 
oordinates are grouped on the disks in su
h a way that those groupedon ea
h disk form a gray 
ode, with large Hamming distan
es between them13, whi
hshould result in good de
lustering. The disadvantage of this method is that it needsboth M and the number of tiles in both dimensions to be a power of 2.Spa
e-Filling Curves (�gure 4.11)HCAM, a de
lustering method that performs equal or better than ECC (but only forsquare or near-square queries) while not putting any restri
tions on M or the numberof tiles, was introdu
ed in [23℄. In HCAM, the tiles are linearized along a spa
e-�llingHilbert 
urve, and assigned to the disks in a round-robin fashion along this linearization.Cy
li
 De
lustering (�gure 4.9)Cy
li
 De
lustering, a generalization of the Disk Modulo method, was presented in [24℄.It pla
es tile (x; y) on disk (x +H � y) modM , where H is a skip value that has to be
hosen by some algorithm or heuristi
 to yield good results. Three su
h methods werepresented: the �rst (RPHM) based on a simple algorithm to 
hoose a skip value that isrelatively prime to M . This performs better than all previous methods for most queries,but it strongly favors even values of M . A se
ond algorithm is GFIB, whi
h �nds abetter H relatively prime to M based on Fibona

i numbers. The performan
e is evenbetter in nearly all 
ases. A �nal method relies on an exhaustive sear
h of all possiblevalues and simulation of their performan
e to �nd the value of H with the best result,but due to the 
omputational overhead, this qui
kly be
omes infeasible for larger valuesof M and larger maps. All of these methods put no restri
tions on M and the numberof tiles.13i.e. they di�er in many bit positions42



Golden Ratio Sequen
es (�gure 4.12)The so far best de
lustering s
heme for two-dimensional data was introdu
ed in [25℄,involving somewhat nonintuitive but not really 
omplex14 
omputations based on GoldenRatio sequen
es. It outperforms even the (pra
ti
ally infeasible) exhaustive-sear
h 
y
li
de
lustering in most 
ases, and imposes no restri
tions. Moreover, it stands out as theonly de
lustering method whose performan
e 
ould be mathemati
ally analyzed. Theanalysis suggests that the GRS s
heme has a worst 
ase response time within a fa
tor of3 of the (often not existing) stri
tly optimal s
heme for any query, and within a fa
torof 1.5 for large queries, while the average performan
e is expe
ted to di�er from theoptimal by only a fa
tor of 1.14.4.3.3 Higher Dimensional DataAll of the two-dimensional de
lustering s
hemes mentioned in se
tion 4.3.2 
an be gen-eralized for a higher number of dimensions. However, as the number of dimensionsin
reases, a silent assumption that all of these s
hemens make be
omes untrue: theassumption that dividing the index spa
e into square tiles yields good performan
e forde
lustering. There are several interrelated problems:� The number of tiles in
reases exponentially with the number of dimensions thisway. This means that it may be
ome impra
ti
al to divide the spa
e into morethan two or three tiles in ea
h dimension 15 be
ause the large number of tiles in
ursan in
reasing overhead in data management.� Additionally, the number of tiles adja
ent to any given tile also in
reases (thoughonly linearly), whi
h makes it more di�
ult or impossible to �nd an optimal de
lus-tering s
heme for small queries. The non-existan
e of an optimal s
heme mentionedin se
tion 4.3.2 is proven only for re
tangular tiling.� Another problem is data distribution: the nature of the Eu
lidi
 distan
e metri
has the e�e
t that in higher-dimensional spa
es, most data will be situated 
loseto the surfa
e of the index hyper
ube 16. Eqidistant tiling is not well �t to dealwith su
h a distribution.� Even worse, not only the overall number of tiles in
reases exponentially with thedimension, but also the number of tiles adja
ent to an interse
tion, whi
h willhave to be loaded for any query 
overing that inters
tion. In the worst 
ase, a highdimensionality may require using only two tiles per dimension, with the result thateven very small queries have a high probability of en
ompassing the single 
entralinterse
tion and thus requring all tiles to be loaded: for all hyper
ubes with a base14and 
omputationally feasible, even for large M and large maps15Three tiles per dimension result in almost 60,000 overall tiles in 10 dimensions16A 5-dimensional hyper
ube with a base length of 0.5 
ontains less than 4% of the volume of a unithyper
ube 43



Figure 4.14: Hypertrapezoid pertitioning s
heme for 2 and 3 dimensions, one hypertrape-zoid tile highlightedlength over 0.5 (whi
h may still be very small in terms of relative volume), this isa
tually a 
ertainty.After establishing in this way that equidistant re
tangular tiling is not suitable for high-dimensional data, Ferhatosmanoglu et al. suggested in [27℄ an alternative partitionings
heme17. They divide the spa
e not into re
tangular tiles, but into 
on
entri
 hyper-
ubes, with a possible subdivision into hypertrapezoids by interse
ting the 
on
entri
hyper
ubes with hyperpyramids formed by the 
enter of the index spa
e as the pyramids'tip and its surfa
es as their bases. This solves all the problems mentioned above:� Both the total number of tiles and the number of tiles adja
ent to an interse
tionin
rease linearly instead of exponentially with the number of dimensions: a hy-per
ube of dimension n has 2n surfa
es, and there is one hyperpyramid for ea
hsurfa
e.� The number of hypertrapzoids into whi
h ea
h hyperpyramid is divided 
an be
hosen freely and in
reases the total number of tiles by only a 
onstant, not expo-nential, fa
tor.� The 
on
entri
 hyper
ubes (and thus the hypertrapezoids) 
an be spa
ed non-equidistant to a
hieve good data distribution: the outermost ones should be very
lose together, sin
e they will 
ontain the most data.� While the hypertrapezoid partitioning does not alleviate the problem of the in-
rease of adja
ent tiles making optimal de
lustering di�
ult, pure 
on
entri
-hyper
ube based paritioningmakes it trivial to �nd an optimal de
lustering s
heme18.17their work is heavily based on an earlier paper [26℄ by Ber
htold et al.18For example, a simple round-robin distribution advan
ing from the innermost hyper
ube outwards44



However, the hypertrapezoid partitioning also has at least one disadvantage, whi
h isnot mentioned in [27℄: even small queries 
lose to a 
orner of the index spa
e would tendto require almost half of the total data to be loaded.Anyway, this method, as well as the two-dimensional de
lustering methods of se
-tion 4.3.2, are not dire
tly appli
able to the Autonomous Disks, sin
e they use only aone-dimensional index. However, it would be feasible to o�er limited support for aninternal two- or multidimensional stru
ture of streams, and o�er spe
ial de
lusteringmethods for them. This was not implemented, but in se
tion 7.3, a way to integrate this
apability into the 
urrent 
ode with small e�ort is outlined.Sin
e Autonomous Disks are intended as a general data repository, the ability toe�
iently handle multi-dimensional data is a valuable addition to the feature set, andthe relative ease with whi
h this de
lusteringmethod 
ould be added ahows the �exibilityof the de
lustering framework.4.3.4 Similarity GraphsIn [17℄, Liu and Shekhar present a very generalized method for �nding a good de
lus-tering layout for a parti
ular set of data and queries. Their idea is based on viewingthe data items as nodes of a graph; the graph's edges represent the likelihood of twonodes being a

essed together and are weighted a

ordingly. A heuristi
 method is usedto partition the graph over the available disks in su
h a way that data items that arefrequently a

essed together are pla
ed on di�erent disks as mu
h as possible, so thatthey 
an be retrieved in parallel. An in
remental pla
ement s
heme for the graduala

umulation of data items is also suggested.The obvious problem is that building the similarity graph in the �rst pla
e requiresa lot of knowledge about a

ess probabilities that may not be available at all or may be
ostly to gather or maintain. An example for a 
ase where this is not a problem is therange query oriented two-dimensional data partitioning dis
ussed in se
tion 4.3.2. As-suming that all queries are equiprobable or that their probability distribution is known,the edge weights 
an be 
omputed relatively easily. However, in general this questionmust be solved separately for any a
tual appli
ation of the method, so in reality it simplyrepla
es the task of �nding a good de
lustering s
heme with that of �nding meaningfulprobabilities of data items being a

essed together. The advantage is that the lattertask seems to be more straightforward to solve in most 
ases.Another disadvantage is that graph partitioning is a 
ostly (in terms of CPU usage)operation, though this is partially alleviated by modern, powerful CPUs and the in
re-mental pla
ement method that uses only a subset of the graph to �nd a lo
al optimumpla
ement.In 
ase of the Autonomous Disks, I 
hose not to implement this method be
ausethe disks themselves do not generally have the means to provide the edge weights, and
lients should be able to use the Autonomous Disks as easily as possible. Additionally,the similarity graphs partitioning does not yield a fun
tion-based partitioning, so thelo
ation of ea
h data item has to be re
orded as metadata, resulting in a possibly largeamount of metadata, something I deliberately wanted to avoid (see se
tion 5.4). 45
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5 DesignDesign 
hanges and extensions that allowed the treatment of large data items, as well assome supporting fun
tionality, were the 
ore 
ontribution of my proje
t. In this 
hapter,the 
hanges and 
onsiderations that motivated them are explained.5.1 Allo
ation and Deallo
ationThe �rst extensive programming work done in this proje
t was the implementation of afully featured allo
ation subsystem to manage the disk spa
e on ea
h Autonomous Disk.Figure 5.1 des
ribes the �paths� of spa
e in the resulting system.5.1.1 Main Data Stru
turesTo attain the goals des
ribed in se
tion 3.2 (fast allo
ation, low fragmentation), the�address-ordered best �t� allo
ation poli
y whi
h performed so well in the fragmentationben
hmarks mentioned in se
tion 4.1.1 was 
hosen. For an e�
ient implementation, theapproa
h used in XFS (see se
tion 4.1.4) was adopted.The main data stru
tures are two B+ trees1, both of whi
h 
ontain all extents of
ontinuous free spa
e.� One tree is indexed on the size of the extents, with the starting address as se
ondarykey (to make ea
h entry unique). This is used dire
tly to implement the �best �t�poli
y, as it easily allows to �nd a free extent that satis�es a request.� The se
ond tree is indexed on the starting address. It is used for 
oales
ing freeextents with their neighbours if possible, and also for 
lustering allo
ation (seese
tion 5.1.4)Generally, an allo
ation request is served by looking through the size-indexed tree forthe smallest free extent that is large enough to satisfy the request, and removing it fromthe trees. If the extent does not �t the request exa
tly (i.e. it is larger than ne
essary),it is split and the ex
ess spa
e is reinserted into the trees as a new free extent.1Unrelated to the Fat-Btree, the Autonomous Disk's main index, whi
h has a mu
h less e�
ientimplementation, partially be
ause it is distributed a
ross several disks. 47
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Figure 5.1: �Spa
e paths� in the allo
ation subsystemWhen spa
e is freed, the address-indexed is used to �nd out whether there are freeextents dire
tly adja
ent. If one is found, it is removed from the trees and the two orthree2 extents are 
oales
ed into one, whi
h is then inserted into the trees.Thanks to the B-trees, this is a highly s
alable implementation that makes it possibleto �nd the best �t even on a very large and highly fragmented disk with hundreds ofthousands of free extents. However, there are some additional 
ompli
ations.5.1.2 Internal Allo
ationThe algorithm outlined above fails to take into a

ount one important fa
tor: the B-treesin whi
h the free extents are stored also take up spa
e and must be stored on the disk.Sin
e their size is highly variable, they 
annot be put in preallo
ated spa
e. Instead, thetree nodes must be dynami
ally allo
ated and deallo
ated just like the appli
ation data.This is a 
lassi
al �hen-egg problem�: the tree nodes 
annot be allo
ated in the sameway as appli
ation data, be
ause when a tree node is allo
ated or deallo
ated, it meansthat the tree is in the pro
ess of being modi�ed, therefore possibly in an in
onsistentstate, and thus 
annot be used for another allo
ation or deallo
ation. This is solved byusing two additional data stru
tures: a page sour
e and a page sink.Page Sour
e:In abstra
t, an obje
t whi
h yields free pages for use as tree nodes when desired. Itis implemented as a small bu�er that holds enough pages (or their addresses, to be2if there were free extents on both sides of the one being freed48



exa
t) to satisfy the need for new tree pages during a single deallo
ation operation3.The maximum number n of pages that might be needed 
an be estimated as follows:n = 2 �logb �p2��where p is the number of pages on the disk, divided by 2 to get the number of freeextents in the worst 
ase of maximal fragmentation. We take the bth logarithm of this,b being the minimal bran
hing degree of the trees (determined by the node size and thefa
t that a node is half full in the worst 
ase), to get the maximal height of a tree. Thisnumber is rounded up to give the maximal number of new pages ne
essary when a nodesplit in a tree of maximal size propagates up to the root, and multiplied by 2 to a

ountfor the presen
e of two trees. To give a pra
ti
al example: on a 100GB disk using 4KBpages, p is about 26,000,000 and b is 127. In this 
ase, n is 8.When the reserve be
omes too small, it is re�lled. In order to redu
e the overhead,the bu�er a
tually holds up to 2n pages, and is re�lled by requesting n 
onse
utive newpages only when it's half-full. Sin
e the a
tually required n is quite low for normal 
ases(as seen above), it might be advisable to use a larger number to redu
e overhead further,de
rease fragmentation and in
rease lo
ality by keeping the tree nodes in somewhatlarger 
lusters.Page Sink:Does the opposite job of the page sour
e by a

epting pages from dis
arded tree nodesand inserting them into the trees not immediately but later, when the allo
ation or
oales
ing request4 is �nished.Page sink and page sour
e 
ould theoreti
ally be the same obje
t, one whi
h reusesdis
arded node pages, but it still would have to use the real allo
ation subsystem for bothallo
ation and deallo
ation sin
e the trees' overall size might grow or shrink drasti
allyin some situations.5.1.3 Deferred Coales
ingDeferred Coales
ing is a te
hnique mentioned in se
tion 4.1.1 that seeks to speed up theallo
ation pro
ess by keeping a �deferred bu�er� with �xed maximum size, 
ontainingre
ently freed extents in memory without 
oales
ing them. The list is sear
hed beforeresorting to the normal allo
ation me
hanism.Sin
e the �page sink� des
ribed in se
tion 5.1.2 already implements this by ne
essityfor pages used by the allo
ation subsystem's B-trees, it was an easy de
ision to extendit to do general deferred 
oales
ing. Thus, all freed extents are put into this �deferredbu�er� �rst, whi
h a
ts as a FIFO queue, inserting the oldest extents in it into the treeswhen its designated size is ex
eeded.3The trees will grow only during deallo
ation, when a new free extent is inserted4Nodes will be dis
arded during allo
ation and 
oales
ing, when extents are deleted from the trees -in the latter 
ase only temporarily. 49



This size of the bu�er dire
tly determines how e�e
tive the speed gains of deferred
oales
ing will be; if it's very small, there will be no e�e
t, but if it's too large, thesequential sear
h might also have a negative e�e
t, and it 
an in
rease fragmentation ifit keeps too mu
h free spa
e un
oales
ed.Another question is what to do if a sear
h of the bu�er yields a free extent largerthan the requirement of the allo
ation request. One possibility would be to use thisextent immediately and not look through the trees. Obviously, this is the fastest option.However, it would mean that the allo
ation poli
y would partially turn into �LIFO �rst�t�5, a poli
y that exhibited an intolerably high fragmentation in [7℄. Therefore I instead
hose to look through both the deferred bu�er and the size-ordered B-tree (ex
ept whenthe bu�er yields an exa
t �t) in order to implement a �best �t� poli
y.5.1.4 Clustering Allo
ationIn [13℄, the 
apability of the B-tree based allo
ation me
hanism to provide �
lustering�,i.e. to use the address-indexed B-tree to �nd free spa
e near a given address is stressed.The bene�t is that data that is likely to be a

essed together 
an be kept 
lose together ondisk to redu
e seek times. This 
apability was not really ne
essary for the AutonomousDisks and is unlikely to be of mu
h use ex
ept maybe for the Fat-Btree itself, but addingit to the allo
ation subsystem was a relatively simple task, sin
e the data stru
turessupport it inherently.5.2 Arbitrary-Length Streams, Random A

essThe prototype had to be modi�ed to enable it to handle streams of any size, whi
hwas a
hieved by adding a length �eld to the index entries and allo
ating the ne
essarynumber of disk pages.But this was not su�
ient. For some of the possible appli
ations, espe
ially multi-media data, stream sizes 
ould easily rea
h into the gigabyte range. As des
ribed inse
tion 2.1.4, the prototype implementation relies on transferring ea
h stream as a wholebefore starting to pro
ess it, and during pro
essing, it a
tually needs to be 
opied severaltimes. For large streams, this would require an impossibly high amount of main memory.Additionally, all other requests would have to wait for the large stream to be pro
essed,resulting in intolerably high response times.To solve this problem, it is ne
essary to transfer large streams in smaller pie
es,small enough to 
omfortably pro
ess several of them in main memory and 
ause noundue delays for other requests. This 
ould have been a
hieved with a sequential model,in whi
h the pie
es of a stream are always transfered in order, starting at the stream'sbeginning, and this option was 
onsidered and partially implemented, as mentioned inse
tion 5.5.3. However, at the pri
e of an only slightly more 
omplex interfa
e, it waspossible to allow random a

ess to any point within a stream, without needing to transferthe entire stream.5This means using the �rst free extent that is large enough, looking at re
ently freed extents �rst50



sub-
stream

sub-
stream

sub-
stream

main
stream
entry

1 2 0

root

Figure 5.2: Stream and substreams in the Fat-Btree indexThis is a very desirable 
apability. It might be argued that it is unne
essary be
auseif the stream has an internal stu
ture that results in partial a

esses, the parts shouldbe stored separately in the index. However, the argument does not hold, be
ause thestru
ture and a

ess patterns may not lend themselved to indexing very well. As anexample, 
onsider a video stream. Users will sometimes want to skip to a parti
ularpoint and wat
h only a short s
ene. The preferred s
enes will vary between users, sothey 
annot be used in an indexing s
heme.An additional advantage of the random a

ess 
apability was that it allows statelesshandling of de
lustered streams, as des
ribed in the following se
tions.5.3 Management of De
lustered StreamsAn important question is how to store and a

ess de
lustered streams in general. If thesolution is to be a part of the Autonomous Disks at all, the only logi
al solution is totreat a

esses to a de
lustered stream exa
tly like those to a normal stream, througha normal entry in the index. This is the only method that retains transparen
y andthe Autonomous Disk features, espe
ially the s
alability of the Fat-Btree index. Unfor-tunately, it means that that the superstream entry 
an be somewhat of a bottlene
k,although it requires no data-related disk a

esses.What distinguishes de
lustered streams from non-de
lustered ones, is the �type� �eldin the index entry (other types are non-de
lustered streams and index nodes). Ea
h51
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ess to a de
lustered streamde
lustering method des
ribed in se
tion 7 has its own type number. Furthermore, theentry must store the information ne
essary to lo
ate the substreams so that a

essesto parts of a de
lustered stream 
an be redire
ted to the appropriate substreams asdes
ribed in �gures 5.2 and 5.3. See se
tion 6.3 for details.5.4 Management of Substreams5.4.1 Pla
ement of SubstreamsThe 
lassi
al way to manage substreams would be to store them separately from themain index and keep a re
ord of their disk lo
ation. However, this would run 
ounterto the main feature of the Autonomous Disks: the transparent on-line load balan
ingthrough the Fat-Btree index. It would either disable skew handling almost 
ompletelyfor the de
lustered streams, or require an additional skew handling me
hanism. Of
ourse, the de
lustering itself already prevents a data distribution skew6, but it 
annotprevent and a

ess skew if there are �hot spots� inside a stream that are more frequentlya

essed than the rest of the stream. Thus, the absen
e of skew handling is not a

ept-able, and developing a separate skew handling me
hanism for de
lustered streams would
ompli
ate the design unne
essarily.Additionally, disk lo
ation based de
lustering is not feasible, be
ause the asyn-
hronous update operations used by autonomous disks 
annot guarantee that the samedisk blo
ks will be allo
ated for the ba
kup 
opy. Thus, the primary substream lo
ationre
ord 
ould not be used to �nd the ba
kup 
opies of these substreams, whi
h woulddefeat the fault toleran
e of Autonomous Disks.Therefore, the substreams of a de
lustered stream are pla
ed in the Fat-Btree index6or not, depending on method, see �gure 7.152



just like normal streams. The pla
ement of the substreams is then dependant solely onthe 
hoi
e of name for them, so a de
lustering method is nothing more than a methodof generating names for substreams, whi
h is a simple and straightforward task.5.4.2 Finding SubstreamsAnother question is: how to re-generate the substream names for ea
h a

ess? Theobvious way would be to store them as a list with the superstream, in a form of indexedallo
ation similar to the inodes used in many 
urrent Unix �lesystems. This wouldobviously be the most �exible way, and 
ould even allow the relo
ation of individualsubstreams for skew handling. However, it would again 
ompli
ate the design, and sin
ethe number of substreams is potentially huge, performan
e 
ould also su�er.For these reasons, I instead 
hose to implement methods that allow the substreamnames to be re-generated ea
h time they are needed, and whi
h require only a smallamount of persistent storage for meta-information that makes this 
onsistent. A gen-eralized interfa
e makes it very easy to add new de
lustering methods, as long as theywork within the mentioned 
onstraints7.5.4.3 FlexibilityAdditionally, the size of substreams 
an be 
hosen individually for ea
h de
lusteredstream. This size (often referred to as "stripe size") is an important tuning parameterfor de
lustering, and its optimal value depends both on the average request size for thatparti
ular stream and the system load, as des
ribed in se
tion 4.3.1, so it is bene�
ialnot to use a �xed value.Many de
lustering methods are developed to be e�
ient for a parti
ular kind ofdata (su
h as those des
ribed in se
tion 4.3.2). Thus, it is desirable to allow di�erentde
lustering methods to 
oexist in an environment, so that 
lients 
an 
hoose the onethat works best with their data. This is one of the 
ore features of the system presentedhere. How it works in detail is explained in se
tion 6.4.5.5 AlternativesThis se
tion presents some alternative design ideas that were 
onsidered at one point oranother in the proje
t, but dis
arded for various reasons.5.5.1 Allo
ation Me
hanismsWhen planning the allo
ation subsystem, several ideas were 
onsidered before settling onthe B-tree based system. The alternatives were a buddy system (see se
tion 4.1.3), whi
hwould have o�ered simple and fast allo
ation and deallo
ation, or a system based on a7pla
ement through name generation based on stream name and o�set, only a small amount of per-sistently stored metadata 53



(possibly hierar
hi
al) bitmap, whi
h would have made 
oales
ing of free extents trivial.A hybrid of these was also 
onsidered. However, all of these methods had una

eptabledisadvantages: Buddy systems show very high fragmentation, bitmap-based systemsrequire sequential s
ans, and a hybrid would have been very 
omplex or even impossibleto implement properly.5.5.2 Storage Outside the IndexWhen designing the allo
ation subsystem, I planned to store substreams of de
lusteredstreams outside the Fat-Btree index, or possibly in a separate index. The performan
epenalty for having to go through the main index twi
e8 for ea
h a

ess seemed too large.However, further 
onsiderations exposed many weaknesses in this 
on
ept, mainly thefa
t that it 
ould not retain all the features of the Autonomous Disks (see se
tion 5.4.1for an explanation). For this reason, I de
ided to use the main index for the substreams,and the ben
hmarks in se
tion 8.1 show that performan
e is not really a problem.5.5.3 StreamManagerA preliminary 
on
ept, whi
h was also implemented partially, required the "opening" ofstreams to allow subsequent a

esses to bypass the Fat-Btree index, providing leightweightin-memory a

ess information for open streams9 through a 
lass 
alled StreamManager.However, it was abandoned be
ause it would have meant a more 
omplex 
ommuni
a-tion proto
ol between the Autonomous Disks and 
lients, and be
ause the index nodesfor a repeatedly a

essed stream are very likely to be 
a
hed in memory, alleviating theperforman
e impa
t of traversing the index every time.

8On
e to �nd the the superstream entry, a se
ond time for the substream9similar to the �le des
riptors used in many operating systems54



6 Implementation and Interfa
esIn this 
hapter, details of how the design de
isions des
ribed in the previous 
hapterwere implemented, and the interfa
es between those parts and the rest of the system aredes
ribed. Hopefully it will answer any questions the previous 
hapter left open, andhelp future developers of the system.6.1 Allo
ation6.1.1 Pa
kage Stru
tureThe allo
ation subsystem is stru
tured into two Java pa
kages, both subpa
kages ofjp.a
.tite
h.
s.de.AutoDisk, following the widely used pa
kage naming 
onventionbased on internet domains. The pa
kages are:Basi
 Contains supporting 
lasses that do not dire
tly provide allo
ation. The B-treeand hardware interfa
es are found here.Allo
ation These 
lasses provide the a
tual allo
ation and deallo
ation fun
tionality.6.1.2 Hardware Interfa
eIn order to provide a general allo
ation subsystem, there has to be a 
learly de�nedinterfa
e to the underlying hardware, using fun
tionality that any storage hardwareshould be able to provide. It is de�ned in the Java interfa
e PageDevi
e, whi
h assumesthat the hardware is blo
k-oriented (i.e. the unit of a

ess is a �xed-size disk blo
kor page) and that blo
ks are addressed linearly. The interfa
e requires the followingmethods:� int pageSize()Returns the size of the a

ess unit / page.� void 
lose()Releases all resour
es asso
iated with the devi
e (e.g. 
a
he memory).� long pageNumber()Returns the amount of storage that the devi
e o�ers. 55



� byte[℄ read(long address, byte[℄ data, int offset)Copies one page of data from the devi
e into a an array in main memory, beginningat a spe
i�ed o�set in the array.� void write(long address, byte[℄ data, int offset)Copies one page of data from a spe
i�ed o�set inside an in-memory array onto thedevi
e.The allo
ation subsystem, and therefore the Autonomous Disks 
an run on top of anydevi
e that 
an be a

essed in this way. For the prototype, an implementing 
lass basedon the 
lass RandomA

essFile in the standard pa
kage java.io was used.6.1.3 System Interfa
eThe unit in whi
h spa
e is allo
ated and deallo
ated is an extent. An extent is a datastru
ture that simply des
ribes the starting address and the size (in disk pages) of thespa
e. The Extent 
lass holds these as (long) member variables.The interfa
e through whi
h the Autonomous Disks1 a

ess the allo
ation subsystemis de�ned in the Java interfa
e Allo
atable. It extends PageDevi
e and requires thefollowing additional methods:� void setRoot(int index, long address)To be useful, storage must be organized in some sort of index. This method allowsto set the �entry points� or root addresses of one or more indexes on the devi
e. Theinformation is stored in a master disk page whi
h also 
ontains meta informationabout the allo
ation subsystem.� long getRoot(int index)This method is used to retrieve any of the index root addresses.� long freePages()Returns the number of free (unused) disk pages on the devi
e.� Extent allo
ate(long size)Attempts to allo
ate the given number of disk pages and returns an extent thatdes
ribes the allo
ated spa
e. The method fails if there are not enough 
ontiguousfree pages left.� void free(Extent extent)Returns the given extent to the free spa
e pool.� Extent allo
ateNear(long base, long size)As des
ribed in se
tion 5.1.4, this method tries to allo
ate spa
e as 
lose as possibleto the given address, using the leaf node 
haining of the address-ordered B+ tree(see se
tion 5.1.1).1Or any other system that wants to use the allo
ation subsystem56



� void setNearSteps(int steps)This sets the number of entries in the tree through whi
h the above method looksbefore giving up.The interfa
e is implemented in the 
lass Allo
atableDevi
e, using the data stru
turesdes
ribed in se
tion 5.1.1. Using it required only minormodi�
ations to the DataManagerand PageIO 
lasses (see se
tion 2.1.2).6.2 Random A

ess Within Streams6.2.1 Downwards-
ompatible Interfa
eIn order to allow large streams to be stored in the Autonomous Disks, it was ne
essaryto transfer them in smaller units (see se
tion 5.2). This in turn required an extension ofthe interfa
e used in the EIS 
ommands (see se
tion 2.1.3), adding �o�set� and (for readrequests) �length� �elds. However, these �elds are not of interest to some parts of thesystem (su
h as the logging fa
ilities), and in order to avoid bloated method signatures2and retain downwards 
ompatibility for existing 
ode, I 
hose to make them part of theStreamID �eld.The �eld is of type String, and there are a number of 
hara
ters whi
h may bepart of a string that are not properly usable for a StreamID, most prominently newline
hara
ters. Thus, I de�ned the StreamID to 
ontain several �elds (optional ex
ept forthe �rst), divided by newline 
hara
ters:1. The a
tual StreamID2. The o�set within the stream where the read or write request or reply starts.3. The length �eld, whi
h has two possible interpretations:� For read requests, it spe
i�es the amount of data to be read; this 
an be verylarge, sin
e it 
an be served by responses that ea
h 
arry only parts of thedata (with 
orresponding o�sets).� In 
ase of a write request, the amount of data is determined by the a

ompa-nying data �eld, while the length �eld spe
i�es the total length of the stream.This is ne
essary so that when the �rst write request for a new stream arrives,the disk 
an allo
ate enough spa
e to hold the entire stream.� For replies to read requests, the length �eld is unne
essary and 
an be leftout.In this way, previously written 
lient 
ode, whi
h transfers only entire streams, still worksun
hanged, and additional �elds for de
lustering 
an be added easily (see se
tion 6.3).2Espe
ially sin
e the de
lustering funtionality requires even more �elds. 57



6.2.2 Division of RequestsFor read requests, the Autonomous Disks automati
ally pro
ess the request by readingand transferring smaller parts. The maximum size of these parts, the �maximum dire
ttransfer unit�, is 
urrently a global parameter set in a 
on�guration �le, but it 
ould alsobe automati
ally adjusted, perhaps a

ording to the available main memory.For write requests, it is the responsibility of the 
lient to divide the request intosu�
iently small parts, be
ause the EIS 
ommands are transferred as a whole. The
lient also has to pro
ess partial replies 
orre
tly; this is a non-trivial task sin
e they
an arrive out of order in 
ase of a de
lustered stream where several disks deliver datain parallel.6.3 De
lustering Fun
tionalityProviding the de
lustering fun
tionality required several separate modi�
ations and ad-ditions to the system. Ea
h of them is not very 
omplex, but they all have to 
ooperateand handle all kinds of spe
ial 
ases. These are the noteworthy 
hanges:� As mentioned in se
tion 5.3, addition of new values for the type �eld in the Fat-Btree index entry, one (integer) value for ea
h de
lustering method, and 
orres-ponding entries in the 
on�guration �le that spe
ify the 
lass whi
h implementsthat de
lustering method (see next se
tion).� Implementation of the de
ompose IS 
ommand (see se
tion 2.1.4) whi
h redire
tswrite requests for a de
lustered stream to the appropriate substream or substreams,a

ording to the 
hosen de
lustering method.� Implementation of the 
omplementary 
ompose IS 
ommand whi
h redire
ts readrequests for a de
lustered stream to one or more substreams. When doing this, ithas to append additional �substitution� StreamID, o�set and length sub�elds tothe StreamID (see se
tion 6.2.1) �eld in the read requests to substreams. These arene
essary so that the replies to the requests (whi
h go dire
tly to the 
lient) 
ontainthe 
orre
t ID, o�set and length for the superstream instead of the substream.� Modi�
ation of the ECA rule that handles write requests (see se
tion 2.1.3) tore
ognize either an optional sub�eld of the StreamID �eld that determines thede
lustering method to be used for newly 
reated streams, or a 
orrespondingtype value in the index entry for existing de
lustered streams, and to use thede
ompose 
ommand for su
h streams.� Modi�
ation of the ECA rule that handles read requests to re
ognize de
lusteredtypes in the index entry and use the 
ompose 
ommand for su
h streams. Further-more, it has to re
ognize and use the �substitution� StreamID, o�set and length�elds issued by the 
ompose 
ommand.58



� Modi�
ation of the logging me
hanism (see se
tion 2.1.5) so that it re
ords onlythe �rst write request to a newly 
reated de
lustered stream (whi
h 
auses it to be
reated) without any data. The data writing will be logged when the substreamwrites are pro
essed, and if the superstream writes were also logged, the datawould be logged and ba
ked up twi
e.6.4 Intergration of De
lustering MethodsAt the 
ore of the de
lustering framework, the environment for using various de
lusteringmethods had to be provided and the interfa
e between those methods and the rest ofthe system de�ned.6.4.1 Name GenerationAs explained in se
tion 5.4.1, substream pla
ement is done through name generation.The most important part of a substream name is a short pla
ement pre�x, whi
h deter-mines where in the index (and thus, on whi
h disk) the substream will be pla
ed.The pre�x is followed by a sequen
e number and the superstream name to ensurethat ea
h substream name is unique and there are no �
ollisions�.Basi
ally, there are two types of de
lustering methods. They di�er in the amount ofpersistently stored information they require:� Some methods may need no information at all, ex
ept for that found in the super-stream index entry. Although they still need to store the substream size, it 
an be�t into the address �eld of the index entry, whi
h is not ne
essary sin
e there is nodata dire
tly asso
iated with the entry. I 
all su
h de
lustering methods nodeless.They have the advantage that an a

ess might require one less disk seek 
omparedto a method that needs to a

ess state information.� In 
ontrast, other methods may need state information to be stored persistently.These methods will have some spa
e asso
iated with the superstream index entryand use the information there to 
reate the pla
ement pre�xes. The substreamsize also has to be stored there, sin
e the address �eld is used to lo
ate the stateinformation.The state information to be used for newly 
reated streams may 
hange with time, e.g.to re�e
t di�erent disk ranges as a result of load balan
ing, but already 
reated streamsalways have to use the same state information so that they always generate the samepla
ement pre�xes. For an example, see the RRD de
lustering method in se
tion 7.2.6.4.2 Interfa
eAs stated in se
tion 3.3, one goal of the proje
t was to allow various di�erent de
lusteringmethods to 
oexist and new methods to be added easily. To provide a 
learly de�nedinterfa
e, the following 
lasses are used: 59



� The abstra
t 
lass DistributionMethod. All de
lustering methods must be sub-
lasses of this. It de�nes only one method, String getPrefix(String name,long offset), whi
h provides the pla
ement pre�x for a substream of the givenstream that begins at the given o�set. Nodeless methods 
an dire
tly extend this
lass.� The abstra
t 
lass NodeDistributionMethod, a sub
lass of the above whi
h isused for de
lustering methods that need persistently stored state information. Itspre�x-generating method takes the state as an additional argument, and it o�erstwo more methods, one that generates the �
urrent� state (used when 
reating ade
lusterd stream) and one that extra
ts the stripe size from that state information.Adding a new de
lustering method to the system thus requires only an implementationthat extends one of these 
lasses, and an entry in the 
on�guration �le so that thesystem 
an �nd it. Then, it 
an be 
hosen as the de
lustering method for new streams(see se
tion 6.3).
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7 De
lustering MethodsThe de
lustering fun
tionality des
ribed in se
tions 5.3 and 6.3 is the most importantresult of my proje
t. However, it only provides a framework to be used by a
tualde
lustering methods. Those that I implemented or envisioned are des
ribed in this
hapter.7.1 Uniform Pseudo-Random Distribution (UPRD)This method distributes the substreams uniformly a
ross the index name spa
e by 
re-ating pseudo-random pla
ement pre�xes. The pseudo-random fun
tion is seeded with avalue based on the stream name and the o�set of the substream within the stream, sothat it a
ts as a hash fun
tion; this distribution method is nodeless (see se
tion 6.4.1)and thus 
ould be faster.However, it has a severe drawba
k: it 
opes very badly with data distribution skews.In the worst 
ase (as shown in �gure 7.1), all of the previously present data 
ould be
on
entrated in a very small portion of the index name spa
e, so that only one or twodisks would be designated for the entire rest of the name spa
e, and all substreams ofa UPRD-de
lustered stream would be pla
ed on those one or two disks, whi
h defeatsthe performan
e goal of de
lustering. Of 
ourse, the skew 
an be removed by the load-balan
ing me
hanism inherent to the Autonomous Disks (see se
tion 2.1.5), but thisis unne
essary work. On the other hand, if a signi�
ant portion of the streams arede
lustered using the UPRD method, a large distribution skew is not likely to developin the �rst pla
e.Another weakness of the UPRD method is that when there is only a small number
Name space

D  i  s  k     r  a  n  g  e  s

UPRD-declustered substreamsprevious dataData distribution across disks:Figure 7.1: UPRD and data distribution skew (worst 
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Figure 7.2: Substream pla
ement using round-robin distributionof disks in the 
luster, substreams that are adja
ent in the superstream will often bepla
ed on the same disk, whi
h redu
es the performan
e bene�t of de
lustering, but thisproblem de
reases in reverse proportion to the number of disks.7.2 Round-Robin Distribution (RRD)Round-robin de
lustering is perhaps the most simple and obvious way of distributing a�le a
ross several disks. To a
hieve a round-robin distribution based on name genera-tion, knowledge of the range of namespa
e that ea
h disk spans is ne
essary, but thatknowledge is easy to a
quire, either by keeping a re
ord of lexi
ographi
ally maximumand minimum inserts on ea
h disk, or by periodi
ally querying the index. The informa-tion then has to be shared among all the disks along with the load and data distributioninformation that must already be shared to 
oordinate the skew handling des
ribed inthe Fat-Btree 
on
ept [2℄. Usually, this is done by passing around a token that 
ontainsthe information for all disks, and ea
h disk updates the information 
on
erning itselfbefore passing on the token. The range information is therefore not ne
essarily alwaysup-to-date, but this is not a problem as long as the same information is always used forea
h stream. Sin
e skew handling was not yet implemented in the prototype, I 
ouldsimply use the �xed range information derived from the 
on�guration �le.Based on the range information, a pla
ement pre�x in the 
enter of ea
h disk'srange is 
hosen. In order to be able to re
reate the substream names even after thedisks' name ranges have 
hanged (due to skew handling-indu
ed migration of data), thepla
ement pre�x for ea
h disk must be persistently stored in a disk page allo
ated for thesuperstream. Sin
e the sequen
e numbers 
an easily be 
omputed, only one pre�x forea
h disk must be stored, whi
h results in a small spa
e requirement that is independantof stream length.Of 
ourse, su
h migration 
an also a�e
t the de
lustered substreams themselves, andsome of them that were previously pla
ed on di�erent disks may then be pla
ed on thesame disk. This 
ould redu
e the performan
e gain of de
lustering, but should not beseen as a fundamental �aw, for the following reason: migration is done only to improvethe global load situation, and an improved global load balan
ing is more importantthan having optimal de
lustering for individual streams. Generally, it is not possibleto predi
t future a

ess skews, therefore any distribution method will su�er de
reasedperforman
e when an a

ess skew o

urs.62



However, the migration of de
lustered substreams 
ould be delayed by using themedian of the disk ranges for the pla
ement pre�x instead of the 
enter. The performan
ede
rease 
ould be partially alleviated by pla
ing subsequent streams not on adja
entdisks, but instead skipping one or more disk in ea
h step of the round-robin distribution,so that they are less likely to end up on the same disk.In the ben
hmarks in se
tion 8, RRD performed better than UPRD in nearly alltests, so it should be used preferentially, unless there is a spe
i�
 reason to believe thatUPRD would perform better for a parti
ular appli
ation.7.3 Multi-dimensional dataNote: these are theoreti
al suggestions, the des
ribed de
lustering s
heme was not im-plemented.In se
tions 4.3.2 and 4.3.3, de
lustering methods for two and more dimensions aresurveyed. These 
annot be used dire
tly for the Autonomous Disks, sin
e the mainFat-Btree index (see se
tion 2.2) is not a multidimensional index.However, as explained in se
tion 6.2, o�sets within streams are transmitted asvariable-length strings. This would make it possible to o�er limited support for multi-dimensional stru
ture within a stream and use the above-mentioned multidimensionalde
lustering methods for su
h streams in the following way:1. The multidimensional spa
e is divided into tiles, re
tangular or hyperpyramid (seese
tion 4.3.3).2. The data in ea
h tile is aggregated and the tiles distributed a
ross the disks usingsome sort of mapping (see se
tions 4.3.2) and pla
ement pre�xes as with the RRD.3. In queries, the o�set and length �elds (see se
tion 6.2 for the 
urrent situation) aresubdivided to 
ontain multidimensional values so that multidimensional instead ofonedimensional ranges 
an be spe
i�ed.Unfortunatley, there are some severe drawba
ks: First, identifying the tiles 
overed by aquery is a potentially 
omplex task that would have to be performed in the ECA retrieverule in the 
urrent design (see se
tion 2.1.2 for the internal stru
ture of the AutonomousDisks), whi
h is not a satisfying solution, sin
e the rule is already rather 
omplex.The most logi
al solution would be to make the dividing and issuing of substreamrequests a part of the �Distribution Method� module, whi
h would require making theinterfa
e between the Autonomous Disks and the distribution methods (des
ribed inse
tion 6.4) far more 
omplex.But even then, o�ering transparent write a

ess to su
h a stream would be extremelydi�
ult if not impossible, be
ause there is no logi
al way to divide the data that arriveswith a ranged multidimensional write among the tiles that the range 
overs. The under-lying problem is that, while a multidimensional lo
ation 
an be spe
i�ed, the data itself63



is one-dimensional and unstru
tured, and solving it would require a mu
h more 
omplexsystem. Most likely, some sort of multidimensional index stru
ture would be ne
essary1.Unfortunatley, Ber
htold et al. suggest in [26℄ that with in
reasing dimensionality,index stru
tures in general be
ome less e�
ient and eventually inferior to sequentials
ans, so there may not be a good solution to this problem at all.To 
on
lude: multidimensional range queries 
an be supported e�
iently usingde
lustering, but transparen
y is attainable only for reading, while insertion, modi�-
ation or addition of data is probably not possible without detailed knowledge of thede
lustering s
heme and the stru
ture of the Autonomous Disk 
luster.

1This would also be the only way to deal well with data distribution skews, whi
h the s
heme des
ribedso far does not64



8 Performan
eTheoreti
al work is only half the s
ientist's job at most. Its results always have to betested under realisti
 
onditions to verify their appli
ability and expose mistakes andfa
tors that were not taken into a

out. This 
hapter provides some experimental resultson the performan
e of the de
lustering framework.8.1 Transfer RateThe performan
e of the two de
lustering methods with a growing number of disks isseen in �gure 8.1. A stream of 90 MB size was de
lustered using a substream size (40KB) equal to the maximal transfer unit and then read ba
k in its entirety, measuringthe time until the entire stream was retrieved. The results of 40 su
h operations wereaveraged.Surprisingly, there is no performan
e in
rease with more than two disks, even thoughenough network bandwidth would be available in the Gigabit Ethernet setup. Instead,the bottlene
k a
tually lies with the 
lient CPU, namely the Java networking 
ode,whi
h was simply unable to re
eive data qui
kly enough, even though it was dis
ardedimmediately after re
eption.So in order to see whether de
lustering gives performan
e gains, the amount of datahad to be redu
ed arti�
ially. This was done by modifying the data retrieval 
ode in theAutonomous Disks to let it pause one millise
ond before the delivery of ea
h reply EIS
ommand to the 
lient.The results seen in �gure 8.2 are, of 
ourse, mu
h lower transfer rates, but theyexhibit an almost perfe
t linear in
rease with the number of disks, whi
h is exa
tly thedesired and expe
ted bene�t of de
lustering.The RRD persistently shows a slightly higher performan
e, probably a result of thefa
t that it never pla
es adja
ent substreams on the same disk.8.2 JitterThis ben
hmark used the same 
on�guration as in se
tion 8.1; in fa
t, the measurementswere performed along with the transfer rate measurements on the same operations.However, here the time di�eren
e between the arrival of subsequent substreams at the
lient was measured � the substreams 
an obviously arrive out of order when they 
omefrom di�erent Autonomous Disks. 65
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Figure 8.1: Transfer rate bottlene
ked by 
lient CPU
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ial slowdownThis time di�eren
e is 
ommonly known as �jitter�, and it is problemati
 for appli-
ations, su
h as video playba
k, that require a 
onstant data rate. When data does notarrive 
ontinuously, it must be bu�ered at the 
lient, whi
h 
an be expensive or in
reaseresponse time for user 
ommands.The problem is that the Autonomous Disks do not provide fa
ilities to ensure thatreplies are delivered at a spe
i�
 time; the FIFO queues used for s
heduling (see se
-tion 2.1.2) and espe
ially the la
k of syn
hronizationmakes jitter unpredi
table and hardto 
ontrol.The experimental results displayed in �gure 8.3 re�e
t this: While an unde
lusteredstream 
ould be delivered with extremely low jitter, the RRD shows higher jitter thanthe UPRD without the arti�
ial slowdown, but the slowdown reverses the situation andalso removes the in
rease of jitter with the number of disks. Furthermore, the UPRDseems to favor even disk numbers for some unexplainable reason, and a slightly di�erentslowdown method led to in vastly di�erent results. Under a high load, results are likelyto look di�erent, too.Generally, this situation is not a

eptable for appli
ations that require both theperforman
e gains of de
lustering seen in se
tion 8.1 and low jitter. To improve it, Isuggest the introdu
tion of deadline-based s
heduling and tight 
lo
k 
oupling � seese
tion 10.4.8.3 Response TimeThis ben
hmark was intended to test the in�uen
e of the size of the Fat-Btree indexon the performan
e of de
lustered streams. It was performed on a 4-disk 
luster, andthe index was �rst �lled with an in
reasing number of dummy entries. Then a 90 MBstream was inserted on
e using the UPRD and on
e with the RRD. Finally, for ea
h ofthese two streams, 100 reads of 100 byte size were performed at random o�sets withinthe stream, measuring the time until the response was re
eived and taking the averageover the 100 requests. 67
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Figure 8.4: In�uen
e of index size on response timeIn the result, only a tiny in
rease in response time is visible, even for very largeindexes. The reason for this is probably that the indexes were still small enough to �tinto the main memory disk 
a
he � the ma
hines had a large amount of RAM and theOS did not allow swit
hing o� the 
a
hing. Still, the index 
onstru
tion already took along time, so larger indexes were not used.There does not appear to be mu
h di�eren
e between the two de
lustering methodshere. RRD performed slightly better, even though the UPRD theoreti
ally requires oneless disk seek, but this fa
tor, too, was eliminated by the 
a
he, espe
ially sin
e only onestream was a

essed, so the state data of the RRD always 
onsisted of the same blo
k.For a large number of de
lustered streams, the impa
t of disk seeks on response time
an be expe
ted to be twi
e that of non-de
lustered streams.8.4 In�uen
e of Substream SizeAs explained in se
tion 4.3.1, the substream size is a tuning parameter that in�uen
esperforman
e in various ways. The results of ben
hmarks on the prototype system areshown in �gure 8.5.Most interesting is the linear in
rease of the transfer rate with in
reasing substreamsize. This is the expe
ted result of the fewer disk seeks that are ne
essary. However,the fa
t that the performan
e levels out at about 80KB substream size is not a signthat a further in
rease is useless: it a
tually results from a network bottlene
k at the
lient, be
ause the ben
hmark was 
arried out on the 
on�guration that uses 100 MBitEthernet (see se
tion 2.1.7).68
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Figure 8.5: In�uen
e of substream size (UPRD de
lustering over 4 disks)Analyti
ally, the transfer rate r 
an be expe
ted to behave as in the following fun
tion:r = n sts + srmaxwhere n is the number of disks working in parallel, ts the average seek time of the disks,rmax their maximal transfer rate (during a

ess) and s the substream size. Using a ts of14 ms and an rmax of 13 MB/s (whi
h are realisti
 values for 
urrent disks) yields thegraph seen in �gure 8.6. This agrees with the experimental results and suggests that thetransfer rate improves little beyond about 500KB. Whether that is an a

eptable valuedepends on the 
onsiderations explained in se
tion 4.3.1.The jitter graphs in �gure 8.5 behave somewhat strangely, showing a 
lear drop at�rst, but then a sharp in
rease at 80KB, followed by a slow de
rease. This might be aresult of the network transfer limit (see se
tion 5.2) of 40KB: until that point, substreamsare transferred as a whole. Beyond it, they are split over several EIS 
ommands. Anyway,this should not be given too mu
h attention, sin
e the jitter is highly volatile due to thetotal la
k of fa
ilities aimed to avoid it,as mentioned in se
tion 8.2.
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9 Con
lusionThis proje
t 
onsisted of the 
ommon task of adding features to a previously existingsystem. The Autonomous Disks were extended to support arbitrarily large data items.All modi�
ations had to be done in a way that fully retains the previous features (s
alableparallel index, transparent fault toleran
e and load balan
ing).During the 
ourse of the proje
t, several new features were added to the system,some of them ne
essary to support the main fun
tionality:� A fully fun
tional allo
ation subsystem based on an e�
ient allo
ation poli
y anda s
alable implementation. It serves spa
e requests qui
kly and manages freedspa
e in a way that avoids fragmentation. This subsystem 
ould also easily beused for other proje
ts.� An extension of the transport proto
ol that allows random a

ess to any o�setwithin a stream and the transfer of large streams in many small pie
es.� A framework for de
lustering that allows streams to be distributed a
ross severaldisks for fast retrieval and easier load balan
ing. Di�erent de
lustering s
hemes
an 
oexist.� Two generalized de
lustering methods were implemented to prove the usability ofthe framework.Of 
ourse, the 
ompleted system had to be tested not only for 
orre
tness but alsofor performan
e. The results were quite satisfying, showing that all major goals wererealized: The bene�t of de
lustering is exa
tly as expe
ted, resulting in a nearly linearin
rease of retrieval speed as the number of disks in
reases. Even for very large indexes,the negative e�e
t on response time was very small, though mainly as a result of thelarge amount of memory available for 
a
hing. Substream size was shown to have a largeimpa
t on the attainable transfer rate, proving it was important to make it variable.One problem that manifested was jitter, the time di�eren
e between the delivery ofadja
ent substreams. The reason for this problem is the la
k of timed delivery me
ha-nisms in the Autonomous Disks. Without these, de
lustering is not appropriate forappli
ations that require low jitter (without de
lustering, jitter was quite low).Broadly speaking, all major goals of the proje
t were realized, and so I was able to
omplete it su

essfully. 71
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10 Future WorkComputer systems are hardly ever 
ompletely �nished; there are always things left toimprove or features to add. Here is a short list of suggestions how to improve and extendmy work.10.1 IntegrationThe additional features implemented in this proje
t must of 
ourse be integrated withother parallel e�orts to implement features the prototype is missing, su
h as a fullimplementation of the Fat-Btree, skew handling and dynami
 re
on�guration of the
luster. For the allo
ation subsystem, this task is trivial, be
ause it is a separate part thatis a

essed through a narrow interfa
e. However, the partial transfer and de
lusteringfeatures are likely to overlap 
onsiderably with the 
ode areas of the parallel e�orts,whi
h makes integration a 
omplex task.10.2 More De
lustering MethodsTo make full use of the de
lustering framework, more de
lustering methods should beavailable. First, the design suggestions in se
tion 7.3 for multidimensional data 
ouldbe implemented.10.3 Automated De
lusteringSin
e transparent use of the features is one of the most important aspe
ts of the Au-tonomous Disks, it would be highly desirable to automatize the de
lustering, and 
hoosea de
lustering method and substream size (see se
tion 5.4) automati
ally, a

ording tothe type of data. The type might be re
ognized through �magi
 numbers� within the �leor supplied by the 
lient OS, while the substream size 
an be 
hosen a

ording to theload situation1 and statisti
s about the average request size for the given type of data orthe 
lient node. However, stream size would probably be 
onsidered before all of thesefa
tors � de
lustering makes only sense for streams that are 
onsiderably larger than asingle substream.1this information must be available anyway to implement skew handling 73



Should the load situation 
hange or the assumptions about the average request sizeprove false, the stream might be re-de
lustered with a di�erent size; this is also possiblefor streams where a suboptimal substream size was 
hosen by the 
lient. Of 
ourse, thisrequires usage statisti
s to be kept for individual streams, whi
h might be too mu
hoverhead to be pra
ti
al. A possibility would be to keep su
h statisti
s only about themost frequently a

essed streams; of 
ourse, some statisti
s are ne
essary to identifythese in the �rst pla
e.10.4 Improved StreamingIn se
tion 8.2, I observed that the 
urrent system is not very �t for �streaming� datawhi
h needs to be delivered to the 
lient at a 
onstant rate. One reason for this isthe �rst-
ome-�rst-serve request s
heduling of the Autonomous Disks, whi
h makes itimpossible to prioritize or delay requests. Swit
hing to a deadline-based s
heduler wouldbe a big improvement in this regard and might also have other bene�ts. Of 
ourse, itne
essitates the internal 
lo
ks of the disks and 
lients to be 
oupled tightly, possibly byusing NTP, the Network Time Proto
ol.Additionally, some sort of interfa
e might be needed to let 
lients spe
ify the rate atwhi
h they need the data. To support this, it might be bene�
ial to introdu
e some sortof ��le opening� 
ommand, similar to the Stream Manager that was de
ided against inthe design phase (see se
tion 5.5.3) and espe
ially the Agent 
omponent of BPFS (seese
tion 4.2.1). The additional 
omplexity this would result in must be weighted againsthow ne
essary the ability to supply data at a 
onstant rate is, and whether it is notsu�
ient to simply have the 
lient issue requests at a 
ertain rate.
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