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blood pressure, heart rate, position), financiaklgsis
applications that monitor streams of stock dataorégd
Abstract from various stock exchanges, and tracking appiticest
This paper introduces monitoring applications, that monitor the locations of large numbers of attgefor
which we will show differ substantially from  Which they are responsible (e.g., audio-visual depants
conventional business data processing. The fact that must monitor the location of borrowed equipmen
that a software system must process and react to Because of the high volume of monitored data ane th

continual inputs from many sourcés.g., sensojs query requirements for these applications, moniigri
rather than from human operators requires one to  applications would benefit from DBMS support. Eig}
rethink the fundamental architecture of a DBMS DBMS systems, however, are ill suited for such
for this application area. In this paper, we presen  applications since they target business application
Aurora’ a new DBMS that is Currently under FirSt, monitoring applications get their data from

construction at Brandeis University, Brown €xternal sources (e.g., sensors) rather than fremans
University, and M.LT. We describe the basic issuing transactions. The role of the DBMS in thisntext
system architecture, a stream-oriented set of IS to alert humans when abnormal activity is degelcfThis

operators, optimization tactics, and support for is aDBMS-ActiveHuman-Passiv€DAHP) model.

real-time operation Second, monitoring  applications require  data
management extending over the entire history ougal
1 Introduction reported in a stream, and not just over the mosendly

eported values. Consider a monitoring applicatibiat
racks the location of items of interest, such asrhead
transparency projectors and laptop computers, using
electronic property stickers attached to the olgect

Traditional DBMSs have been oriented toward busine
data processing, and consequently are designeddreas
the needs of these applications. First, they hassumed
that the DBMS is a passive repository storing agéar o S, g
collection of data elements and that humans irétieries Ce|lt|nr?1-rirr1]otl;]nted s:n?rors r']nsr'dte IarbU|I\</j|r|19mand0;kt|E§G
and transactions on this repository. We call thidaman- syste € Open air generate ‘arge volumes catio
Active DBMS-PassivéHADP) model. Second, they have data.. If a reserved overhead projector is not sptoper .
assumed that the current state of the data is thg thing Iocqt!on, then one mlght_want to ".”OW the geographi
that is important. Hence, current values of daterants position of the missing projector. In this cases tast value

are easy to obtain, while previous values can dr@yfound OL t.h‘? momto_reg OIbJeCt IS rel:quwedh F(;OWGVGEC,” an
torturously by decoding the DBMS log. The third:;mmst_rator m|%tabso wan; _to now the utyhcw .
assumption is that triggers and alerters are seabesb t_e prOJe(_:tor, t_ere y requiring access to the rent
citizens. These constructs have been added as tan aP'S%r.'%al time Seres. licati . anted
thought to curent systems, and none have ap S TR RN A A R e
implementation that scales to a large number gfgeirs. In lert i gf pl ' ts too hiahif
addition, there is typically little or no supporif querying alert an operalor It a SEnsor vaiue gets 100 nignito
a ‘trigger base.” Fourth, DBMSs assume that datgnother sensor value has recorded a value out fea

elements have precise values (e.g., employee sajaand fore than twlce in the' last 24 _hours. Every appima
have litle or no support for data elements thae arcould potentially monitor multiple streams of data,

imprecise or out-of-date. Lastly, DBMSs assume th rﬁquesting alerts if complicated conditions are .nféius,
applications require no reél-time sérvices %he scale of trigger processing required in thigiesnment
There is a substantial class of applications whedréve far exceeds that found in traditional DBMS applioat.

assumptions are problematic. Monitoring applicasiare ob!;%l:rt;!irftrﬁqao?igﬁgqugﬂegol?/:tbia(lﬁ’rzg Ir:f:;g?r
applications that monitor continuous streams ofaddthis ) 9 y 9

class of applications includes military applicatsoothat fgs(t)er:n(’);hﬁ]rsb%c;etfouri“g? twelgit'e%?tzé;rﬁe?cr)nséﬁa
monitor readings from sensors worn by soldiers .(e.g P J



more inaccurate over time. Moreover, sensors tkabrd
bodily functions (such as heartbeat) are quite ieajse,

and have margins of error that are significantiires = =
Lastly, many monitoring applications have real-time |:d> =
requirements. Applications that monitor mobile seigs  MPutdaa Output to
streams applications

(e.g., military applications monitoring soldier kitons)
often have a low tolerance for stale data, makihgse —
applications effectively real time. The added strem a Operator boxes £ Continuous & ad ho
DBMS that must serve real-time applications makes i Storage queries
imperative that the DBMS employ intelligent resoarc
management (e.g., scheduling) and graceful degadat
strategies (e.g., load shedding) during periodsigh load.
Monitoring applications are very difficult to impbeent
in traditional DBMSs. First, the basic computatiorodel
is wrong: DBMSs have a HADP model while monitoring
applications often require a DAHP model. In additido
store time-series information one has only two cesi

First, he can encode the time series as currena dat In Section 2, we begin by describing the basic Aaro

nor_mal_ tables. In th|s_ case, assembling the h!smrilme architecture and fundamental building blocks. Irctge 3,
series is very expensive because the requiredidajaread o A i
we show why traditional query optimization fails wur

over many tuples, thereby dramatically slowing_ ~ : .
: “environment, and present our alternate strategiess f
performance. Alternately, he can encode time series

information in binary large objects (BLOBs) to aekie ?li)r?-rt]iqurf:eng chrﬁizcszrgllcagggs. Egﬁg\?ir;r‘l doefscrmra
physical locality, at the expense of making queries '

individual values in the time series very difficulthe only Fnc;pgsnér:tlitg:]g anc()jnloasdtosrr?gg dinorglﬁmszgglt?onﬁ 5 s&;:;:efsuslmg,
system that we are aware of that tries to do someth P ’ 9 :

more intelligent with time series data is the InfuK the myriad of related work that has preceded odoréf

Universal Server, which implemented a time-seriedad Finally, we conclude in Section 6.

type and associated methods that speed retrievadloes 2 Aurora Svstem Model
in a time series [1]. y

If a monitoring application had a very large nummgr Aurora data is assumed to come from a variety ofada
triggers or alerters, then current DBMSs would failSOurces such as computer programs that generates/ak
because they do not scale past a few triggersateet The regular or irregular mtervals. or hardwasensor_s_We will
only alternative is to encode triggers in some niseare  USe the terndata sourcefor either case. In addition, a data
application. Using this implementation, the systeamnot Streamis the term we will use for the collection of data
reason about the triggers (e.g., optimization), oan the Values that are presented by a data source. Eath da
triggers be queried because they are outside thé1®B Source is assumed to have a unique source identfiel
Moreover, performance is typically poor becausdiurora timestamps every incoming tuple to monitoe t

middleware must poll for data values that triggensd Qquality of service being provided. _ _
alerters depend on. The basic job of Aurora is to process incoming atres

Lastly, no DBMS that we are aware of has built-inin the way defined by aapplication administratarAurora
facilities for imprecise or stale data. The samenceent IS fundamentally a data-flow system and uses theufr
applies to real-time capabilities. Again, the usaust build Poxes and arrowparadigm found in most process flow

For these reasons, monitoring applications areiatiff ~ free, directed, graph of processing operations, (hexes.
to implement using traditional DBMS technology. o Ultimately, output streams are presentedafuplications
better, all the basic mechanisms in current DBMSsnbe Which must be programmed to deal with the asynchbrsn
rethought. In this paper, we describe a prototypstem, fuples in an output stream. Aurora can also mamtai
Aurora, which is designed to better support monitoringlistorical storage, primarily in order to support-aoc
applications. We use Aurora to illustrate desigsuiss that gueries. Figure 1 illustrates the high-level systewdel.
would arise in any system of this kind. Aurora Operators. Aurora contains bU|It-_|n support for

Monitoring applications are applications for whichSeven primitive operations for expressing its stnea
streams of information, triggers, imprecise datag aeal- Processing requirements. Tfiter box applies a predicate
time requirements are prevalent. We expect thatetilll  t0 €ach incoming tuple, passing only the ones #aitsfy
be a large class of such applications. For example, the predlcateMergecomblmes two streams of dgta into a
expect the class of monitoring applications for picpl Single stream.Resampleis a powerful operation that
facilities (e.g., monitoring unusual events at rezl power predlcts addltlonal values _that are not originatntained

>
C:>

Figure 1: Aurora system model

In addition, as GPS-style devices are attached liooader
and broader class of objects, monitoring appliaagiovill
expand in scope. Currently such monitoring is exges
and is restricted to costly items like automobilésg.,
Lojack technology). In the future, it will be avaible for
most objects whose position is of interest.



values in the stream by interpolating between éxist QOS spec

values. In addition, Aurora provides drop box that E T e

removes tuples from the stream, and is used prigaoi —S,‘,‘i'.—-_qage
shed load when Aurora is not providing reasonakleise Conuery
(see Section 4.5)Join is a windowed version of the view
standard relational join. Join pairs elements ipasate Cf’"”eggi‘;'; QOS spec
streams whosélistance(e.g., difference in time, relative Persistence spe

position, etc.) is within a specified bound. Thisund is Heep 2 T O ﬂ Persistence spec
considered the size of the window for the join. For

example, the window might be 30 minutes if one veahto ad-hoc query
pair all securities that had the same price withihalf hour 00 0y &W“

of each other. In environments where data can bk sir

time imprecise, windowed operations are a necesSite Figure 2: Aurora query model

last box is callednapand it supports the application of a
(user-defined) function to every element of a dsti@@am.
Some functions just transform individual items ihet
stream to other items, while others, such as movin
average, apply a function across a window of valirea
stream. Hence, map has both a windowed and no

windowed version. A precise definition for each thiese . : . ;
connection point has the potential for persistetarage

operators is contained in Appendix 1. . ; . .
P PP (see Section 4.2). Persistent storage retains datas

There are no condition boxes in an Aurora networkb d thei - b tcular b | h
Instead, an application would have to include twitef eyon €Ir processing by a particular box. In &y
words, as items flow past a connection point, treg

idi h th iti h
boxes providing both the condition and the converbthe cached in a persistent store for some period ottifhey

condition. At some inconvenience to an applicatitim . e
bb > are not drained from the network by applicationsstead,

results in a simpler system structure. Additionatlyere is st ification indicat v hondl th
no explicit split box; instead, the application administrator® PErSISience speciiication indicates exactly hongl the

can connect the output of one box to the input eVeral ltems are kept. In the_ figure, the Ieft-most_ CF’”’M point
others. This implements an implicit split operati@n the 'S SPecified to be available fawo hours This indicates the
other hand, there is an explicit Aurora merge ofiera beginning of time for newly connected applicationtl be

- two hours in the past.
whereby two streams can be put together. If, adddily, ) - . .
one tuple must be delayed for the arrival of a setone, The middle path in Figure 2 represents/iaw In this

then a resample box can be inserted in the Aur@tavark case, a path is defined with no connected appheatit is
to accomplish this effect allowed to have a QoS specification as an indigatib the

Aurora Query Model. Aurora supports continual importance of the view. Applications can connectthe

; ; ; ; . end of this path whenever there is a need. Befdiis t
queries (real-time .processmg), views, and. ad-hoerigs happens thepsystem can propagate some, all, @ abihe
all using substantially the same mechanisms. Ale¢h lUes s:[ored at the connection point in’ord’er oduce
modes of operation use the same conceptual buildi - ;
blocks. Eachpmode processes information flgws based rftency for applications that connect later. Morenut can
QoS specifications each output in Aurora is associatedStOre these partial results at any point along evwpath.

. : . . " This is analogous to a materialized or partiallyteralized
with two-d|men3|onal QoS graphs that specify thdatyt_of view. View g‘naterialization is under IC'zhe cgrtnrol ohe
the output in terms of several performance and ityal schéduler
re_lated attributes (see S_ection 4.1). The diagrarhrigure The boftom path represents ad-hoc queryAn ad-hoc
2 illustrates the processing modes supported byoraur query can be attached to a connection point at &

The topmost path represents cantinuous queryIn G

isolation, data elements flow into boxes, are pesesl, and Trhoecss?smggsacsitgriwgnaﬁg_Zz(lzivqel:e;)r/\sl\?vé?stfrtgg St)r/;n:euzr
flow further downstream. In this scenario, therens need P

to store any data elements once they are procesance 11 JRRESEIEC PRECS SETEl 00 SR B DOt
an input has worked its way through all reachabéghg, emanticqs fo?/ an Aurora a%—hoz uery is the sa’mea as
that data item is drained from the network. The Qo query

specification at the end of the path controls h@saurces con:!nuous ?.lljery l.th.?;[ ste_lrtst_ executing g~ T and
are allocated to the processing elements alongptt. continues unti explicit termination. .

One can also view an Aurora network (along with soof Aurora User Inte_rface. _The Aurora user mt_er_face
its applications) as a large collection of triggeEsch path cannot be covered in detail because of space ltioita.

from a sensor input to an output can be viewed a§|ere, we mention only a few salient features. Toilfeate

computing thecondition part of a complex trigger. An h.eS|gn|rr]1.g Ilarﬁe t_netvvforks, Aufrobra W'I'IA dsupport a
output tuple is delivered to an application, whican take Ierarchical coflection of groups o boXes. gweg can

the appropriate action. begin near the top of the hierarchy where only avfe

The dark circles on the input arcs to box@g and O,
representonnection pointsA connection point is an arc
g;at will support dynamic modification to the netvko

ew boxes can be added to or deleted from a comnmect
Iq_oint. When a new application connects to the nekyd
will often require access to the recent past. Ashsua



superboxesre visible on the screen. 2oomcapability is fiter | map | w.map | merge | resample | join | drop
provided to allow him to move into specific portisof the filter +
network, by replacing a group with its constitudsixes Wr_“ri’;p N 5
and groups. In this way, a browsing capability imyded merge + m - "
for the Aurora diagram. resample | ? ? ?
Boxes and groups have a tag, an argument list, é?'onp : : - - 2 -

description of the functionality and ultimately aamual
page. By querying these attributes a user can pté to
specific places in an Aurora network. Additionally,user
can placédbookmarksn a network to allow him to return to
places of interest.

These capabilities give an Aurora user a mechariis
query the Aurora diagram, thereby satisfying onetlod
design goals in the introduction, namely query fitieis for
the trigger base.

The user interface also allows monitors for arcghia
network to facilitate debugging, as well as faddlg for
“single stepping” through a sequence of Aurora X&e
plan a graphical performance monitor, as well asreno
sophisticated query capabilities.

Table 1: Operator commutativity table

Combining Boxes. As a next step, Aurora diagrams
will be processed to combine boxes where possible.
m Pair-wise examination of the operators suggests, tim
general, map and filter can be combined with alrradbbf
the operators whereas windowed or binary operators
cannot.

It is desirable to combine two boxes into a singlex
when this leads to some cost reduction. As an exapm
map operator that only projects out attributes dam
combined easily with any adjacent operator, thersdoying
the box execution overhead for a very cheap operaio
addition, two filtering operations can be combiniedo a
single, more complex filter that can be more efHiaily
. . L executed than the two boxes it replaces. Not oslythe
In traditional relational query optimization, onef the overhead of a second box activation avoided. bsb al
primary objectives is to minimize the number ofraéons standard relational optimization on one-table 'pcadés
over _Iarge data sets. Stream-oriented operatord tl"taan be applied in the larger box. In general, camig
constitute the Aurora network, on the oth_er h?”de 3 hoxes at least saves the box execution overhead, an
designed to operate in a data flow mode in whicliada reduces the total number of boxes, leading to aptm

elements are processed as they appear on the '”pé'itagram
Although the amount of computation required by an peoordering Boxes. Reordering the operations in a

3 Aurora Optimization

operator to process a new element is usually gsitell,

we expect to have a very large number of boxe

Furthermore, high data rates add another dimengidhe
problem. We now present our strategies to constarct

Sfficient form

conventional relational DBMS to an equivalent bubnma
is a common technique in query
optimization. For example, filter operations canredimes
be pushed down the query tree through joins. Indkar

optimized Aurora network based on static informatguch
as estimated cost of the boxes and selectivitysias.
Combining all the boxes into a massive query anehth
applying conventional query optimization is not ay
workable approach for the Aurora system; howevems
conventional principles still apply. As in multiplguery
optimization [23], one way to go about optimizinguitiple
triggers is to try to globally optimize them, whics shown
to be NP-complete [24]. Instead, we focus on thiéofeing
collection of alternative tactics to come up witbchlly To decide when to interchange two commutative
optimal triggers which can then be compiled intsiagle operators, we make use of the following performance
”?‘“’YO”‘. of bOXE.ES (also using common subexpressi%odel_ Ea{ch Aurora boxh, has acost c(b), defined as the
ehmma’upn tech_nlql_Jes Wh?‘re pC_)SS|bIe)_ L expected execution time fdy to process one input tuple.
Inserting Projections. It is unlikely that the application Additionally, each box has selectivity s(b), which is the

adm|n|||strator \(/jwlldhavgk;nserteg map ogeratofrs tOJZCt expected number of output tuples per input tuplensider
out all ‘unneeded attributes. Examination of an ABro v, poyes by andby, with b; following br. In this case, for

network _aIIows us to inser_t/mov_e such map operaitm each input tuple forb, we can compute the amount of
the_ e_arllest p_ossmle points in the network, thgrebprocessing as(b) + c(b) x s(b). Reversing the operators
shrinking the size of the tuples that must be sgoe@tly  oies 5 |ike calculation. Hence, we can compute the

processed. Note tha; this kind of op_timization regs that condition used to decide whether the boxes showd b
the system be provided with function/operator signas switched as:

that describe the attributes that are used and ywed by _ _
the operators. 1-s(b)/dB)>1- P/ ¢ P

we can apply the same technique when two operations
commute.

We present the commutativity of each pair of prinet
oxes in Aurora in Table 1. We observe that a few
operators always commute, while many commute under
certain circumstances and a few never commute. The
operations that conditionally commute usually dep@m
the size of the window. In Appendix 2, we examiret
commutativity of our operations in detail.



This switching strategy works unless there is a
windowed operation in the ad-hoc query. In this &as
special care must be taken to obtain the correcwan
(requiring a sort operation). The most straightfard/
mechanism is to replicate the size of the windoanfrthe
gueued structure into the B-tree. In this way, theerlap”

: : that is required for correct operation is providedthe B-
B?J‘ﬁ;n‘]afgf“‘ tree. Of course, this replication must be notedrie B-tree
T Box Processors structure, so that future ad-hoc queries will obly given
@ the overlap window size that they need. Also, tlee of
the replicated window slowly goes to zero, sincewne

inputs outputs

Storage

Manager Router

Scheduler

o — Load Qos tuples that would ordinarily be added to the B-traee
. Shedder Monttor discarded instead
N '

4 Run-Time Operation
The basic purpose of Aurora run-time network is to

It is straightforward to generalize the above c#tion Process data flows through a potentially large vitok
to deal with cases that involve fan-in or fan-oittations. ~diagram. Figure 3 illustrates the basic Aurora segiure.
Moreover, it is easy to see that we can obtain ptimal ~Here, inputs from data sources and outputs froxeiscare
ordering by sorting all the boxes according to theifed to the router, which forwards them either totemal
corresponding ratios in decreasing order. We uiereisult  applications or to the storage manager to be plamethe
in a heuristic algorithm that iteratively reordesxes (to Proper queue. The storage manager is responsile f
the extent allowed by their commutativity propesfieinti ~ maintaining the box queues and managing the buffer.
no more reorderings are possib|e_ Conceptually, the SChe_dUIe.r pleS a box for exmti
Ad-Hoc Query Optimization. Recall that the semantics ascertains what processing is required, and paspesnter
of an ad-hoc query is that it must run on all thistbrical  to the box description (together with a pointertt@ box
information saved at the connection point(s) to ethitis ~ State) to the multi-threaded box processor. The box
connected. Subsequently, it becomes a normal podio Processor executes the appropriate operation aed th
an Aurora network, until it is discarded. forwards the output tuples to the router. The shher
Aurora processes ad-hoc queries in two steps. First then ascertains the next processing step and thute cy
runs the portion of the query that uses the histlri repeats. The QoS e.valuator continually monitorstesys
information in the connection point. The storagestsyn is Performance and activates the load shedder whdetécts
free to organize this storage in any way that itecs @n overload situation and poor system performafdes
appropriate (e.g., a B-tree). When this finisheswitches l0ad shedder then sheds load fill the performantéhe
to normal operation on the queue data structurese (sSYyStem reaches an acceptable level. The catalégure 3
Section 4.2). To optimize historical queries, Auadregins Contains information regarding the network topolpgy
at each connection point and examines the succesdBPUtS, outputs, QoS information, and relevant istms
box(es). If the box is a filter, then Aurora exaramithe (€.9., Selectivity, average box processing cos&s)d is
condition to see if it is compatible with the stgekey €ssentially used by all components. _
associated with the connection point. If so, it thies the ~ We now describe Aurora’s primary run-time
implementation of the filter box to perform an indel architecture in more detail, focusing primarily dhe
lookup in the B-tree. Similarly, if the successombis a Storage manager, scheduler, QoS monitor, and load
join, then Aurora costs performing a merge-sortrafexed ~ Shedder.
lookup, chooses the cheapest one, and changesothe j4.1 QoS Data Structures
implementation appropriately. Other boxes cannOiurora attempts to maximize the perceived qualitfy o
effectively use the indexed structure, so only thé®0 service (QoS) for the outputs it produces. QoSgémeral,
need be considered. Moreover, once the initial bok a multidimensional function of several attribstef an
performs its work on the historical tuples, the @d Aurora system. These include:

structure is lost, and all subsequent boxes wiltkvim the . Response timesutput tuples should be produced in a

Figure 3: Aurora run-time architecture

normal way. _ timely fashion; as otherwise QoS will degrade as
Hence, the initial boxes in an ad-hoc query canlfpu delays get longer:
information from the B-tree associated with the,

. i ; Tuple drops-if tuples are dropped to shed load, then
corresponding connection point(s). After that, thermal the QoS of the affected outputs will deteriorate:

“push” processing associated with Aurora operatiakes Values produceé-QoS clearly depends on whether
over. When, the historical operation is finishedurAra important values are being produced or not

switches the implementation to the queued datecsiras,
and continues processing in the conventional fashio
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100 % tuples delivered® J
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(b) delay-based

delay output value

(c) value-based

graph type

Asking the application administrator to specify adynamically. In summary, Aurora requires the apgtion

multidimensional QoS function seems impracticaktéad,
Aurora relies on a simpler tactic, which is muchses for
humans to deal with: for each output stream, weeexphe
application administrator to give Aurora a two-dinsgonal
QoS graph based on the percentage of tuples delivéas
illustrated in Figure 4a). In this case, the apation
administrator indicates that high QoS is achievedew

tuple delivery is near 100% and that QoS degrades 2

tuples are dropped.

Optionally, the application administrator can give

Aurora either one of two additional QoS graphs fat
outputs in an Aurora system. The first, illustraied=igure

4b, is a delay-based QoS graph. Here, the QoS ef tl?e

output is maximized if delay is less than the theisl, 5, in
the graph. Beyond, QoS degrades with additional tuple
delay. The application administrator should preg&mtora
with the information in Figure 4b for each outpifthe is
capable of doing so.

Aurora also assumes that all quality of servicepi=a
are normalized, so that we can compare QoS foredift
outputs quantitatively. Aurora further assumes thiae
value chosen fop is feasible i.e., that a properly sized
Aurora network will operate with all outputs in thgood
zone to the left ob. This will require the delay introduced
by the total computational cost along the longesthgrom
a data source to this output not to exceéd If the
application administrator does not present Aurordhw
feasible QoS graphs, then the algorithms in thesegient
sections will not produce good results.

The second optional QoS graph for outputs is shawn
Figure 4c. The possible values produced as outppfsear
on the horizontal axis, and the QoS graph indicates
importance of each one. This value-based QoS gra
captures the fact that some outputs are more inapbthan
others. For example, in a plant monitoring applicat
outputs near a critical region are much more imaotthan
ones well away from it. Again, if the application

administrator has value-based QoS information, then

Aurora will use it to shed load more intelligentihan
would occur otherwise.

The last item of information required from the
application administrator isH, the headroom for the

system, defined as the percentage of the computing

resources that can be used in steady state. Thaingler is
reserved for the expected ad-hoc queries, whichadded

administrator to specify the headrooas well as drop-
based QoS graphs for each output. In addition, the
administrator can optionally give Aurora delay-béser
value-based QoS graphs for all outputs.

4.2 Storage Management
The job of the Aurora Storage Manager (ASM) is torg
all tuples required by an Aurora network. There an®
inds of requirements. First, ASM must manage sjera
for the tuples that are being passed through anofeur
network, and secondly, it must maintain extra tugptierage
that may be required at connection points.
Queue Management. Each windowed operation
quires a historical collection of tuples to bersd, equal
to the size of the window. Moreover, if the netwoik
currently saturated, then additional tuples mayuscclate
at various places in the network. As such, ASM must
manage a collection of variable length queues qfids.
There is one queue at the output of each box, whgch
shared by all successor boxes. Each such succéssor
maintains two pointers into this queue. Theadindicates
the oldest tuple that this box has not processéettdil, in
contrast, indicates the oldest tuple that the berds. The
head and tail indicate box’s current window, whislides
as new tuples are processed. ASM will keep trackheke
collections of pointers, and can normally discanglés in
a queue that are older than the oldest tail pompiimo the
gueue. In summary, when a box produces a new tifpke,
added to the front of the queue. Eventually, altsssor
boxes process this tuple and it falls out of all thieir
windows and can be discarded. Figure 5 illustrates
model by depicting a two-way branch scenario whigve
oxes,b; and b,, share the same queuew("s refer to

Riindow sizes).

Normally, queues of this sort are stored as maimuoey
data structures. However, ASM must be able to scale
arbitrarily, and has chosen a different approachskD

7]
i e A

discarded
Figure 5: Queue organization



storage is divided into fixed length blocks, of anable
size, block_size We expect typical environment will use
128KB or larger blocks. Each queue is allocated bloek,
and queue management proceeds as above. As lothge as
gueue does not overflow, the single block is usedaa
circular buffer. If an overflow occurs, ASM looksoff a
collection of 2 blocks (contiguous if possible), dan Buffer-state information
expands the queue dynamically to<dlock _size Circular
management continues in this larger space. Of @&urs
gueue underflow can be treated in an analogous erann

QoS-based priority information

Scheduler Storage Manage

Figure 6: Scheduler-storage manager interaction

. < all d a buff It associated with a connection point, then ASM widltiger
At start up time, ASM is allocated a buffer poolrfo \,, patches of such tuples and insert them into the

queue storage. It pages queue blocks into and bman  .,regnonding B-tree. Periodically, it will make @ass

memory using a novel replacement policy. The spltmrdu through the B-tree and delete all the tuples, wrach older
and ASM share a tabular data structure that costainow than the history requirement. Obviously, it is more

for eac_h b0>§ i_n the network containing the C,u"enbfficientto process insertions and deletions itchas, than
scheduling priority of the box and the percentadeits .o by one.

queue that is F:urrently in _mgin memory. The sc.hedul Since we expect B-tree blocks to be smaller than
periodically adjusts the priority of each box, whithe 1,50 sjze we anticipate splitting one or more of the
ASM does likewise for the main memory residencytioé e pool blocks into smaller pieces, and paging
queue. This latter piece of information is used e  pigiorical blocks into this space. The schedulelf simply
scheduler for guiding scheduling _deC|S|ons _(seenSBc add the boxes corresponding to ad-hoc queries eéaddta
4.3). Th(_a data structure a'?° contains a flag tidate that structure mentioned above, and give these new baxes
a box is currently running. Figure 6 illustratesisth oty ASM will react by prefetching index blosk but
Interaction. . . ) not data blocks, for worthy indexed structures.tlmn, it

When space is needed for a disk block, ASM evieis t ;| retain index blocks, as long as there are migher
lowest priority main memory resident block. In atidh, o jority buffer requirements. No attempt will be o to
whenever, ASM discovers a block for.a queue tha@slo | otain‘data blocks in main memory.
not correspond to a running block, it will attempd . .
“upgrade” the block by evicting it in favor of a otk for 4-3 Q0S-and Buffer-Driven Scheduling
the queue corresponding to a higher priority bax.this Scheduling algorithms  developed for real-time and
way, ASM is continually trying to keep all the reqed Multimedia systems (e.g., [19, 20]) typically atteinto
blocks in main memory that correspond to the tojppry ~Maximize some QoS-baseutility metric by choosing to
queues. ASM is also aware of the size of each quange €Xecute, at each scheduling instance, the task wieh
whether it is contiguous on disk. Using this infaation, it highest expected utility (see Section 5). As eagple that
can schedule multi-block reads and writes and garn€nters Aurora conceptually represents a task, sach
added efficiency. Of course, as blocks move throtiglh approach is simply not workable because of the shee
system and conditions change, the scheduler wjlistdhe Nnumber of tasks. Furthermore, unlike the aforenwerdd
priority of boxes, and ASM will react by adjustinthe Systems where a task is also the unit of scheduéing
buffer pool. Naturally, we must be careful to avdide Processing, execution of a task in Aurora spansyrsrch
well-known hysteresis effect, whereby ASM and the scheduling and processing steps (i.e., an inputletup
scheduler start working at cross purposes, ancdpednce typically needs to go through many boxes before
degrades sharply. contributing to the output) and may involve multpl

Connection Point Management.As noted earlier, the accesses to secondary storage. Basing scheduloigjates
Aurora application designer indicates a collectimfi Solely on QoS requirements, thereby failing to afdrend-
connection points, to which collections of boxesmdae to-end tuple processing costs, might lead to deasti
subsequently connected. This satisfies the Auroferformance degradation especially under resource
requirement to support ad-hoc queries. Associatéth w constraints. To this end, Aurora not only consides real-
each connection point is a history requirement amd time QoS requirements but also makes an expli¢érapt
optional storage key. The history requirement imdés the to reduce overall tuple execution costs.
amount of historical information that must be reted. Non-Linearities in Tuple Processing In particular,
Sometimes, the amount of retained history is lésmtthe Aurora observes and exploits two basion-linearitiesthat
maximum window size of the successor boxes. In thigfise when processing tuples:
case, no extra storage need be allocated. The gsisalis *  Intra-box non-linearity The cost of tuple processing
that additional history is requested. may decrease as the number of tuples that areablaifor

In this case, ASM will organize the historical teslin a processing at a given box increases. This redudtiamit
B-tree organized on the storage key. If one isspecified, tuple processing costs may arise due to two readeinst,
then a B-tree will be built on the timestamp fieid the the total number of box calls that need to be made

tuple. When tuples fall off the end of a queue that process a given number of tuples decreases, cuthiven



low-level overheads such as calls to the box codd a
context switch. Second, a box, depending on itsawius,
may optimize its execution better with larger numiud
tuples available in its queue. For instance, a hman
materialize intermediate results and reuse thethéncase
of windowed operations, or use merge-join instedd o
nested loops in the case of joins. Figure 7 illagts this
notion of intra-box non-linearity. In the figure, hite box

b, (e.g., a filter box) can only benefit from decredsbox . o . .
execution overheads and cannot exploit the avditgtof Figure 7: lllustrating intra-box non-linearity

larger number of tuples, bdx (e.g., join) performs much iqrities  will not change  significantly between
better with increasing nu_mber of queued tuples. _ consecutive recomputations.

 Inter-box non-linearity End-to-end tuple processing  ayrora then uses two rough measures to guide its

costs may drastically increase if buffer space 8t n gchequling. Specifically, Aurora will prioritize s based
sufficient and tuples need to be shuttled back dodh , theirbuf tf values:

between memory and disk several times throughoeir th buf(b)/ tf(b
lifetime. One important goal of Aurora schedulirg thus,
to minimize tuple trashing. Another form of intenk non-
linearity occurs when passing tuples between bogugs.

b,

b,

Unit tuple processing cost

Number of queued tuples

wherebuf(b) is the buffer utilization factor antf(b) is the
train factor. Buffer utilization factor is a simple estimatio

If the scheduler can decide in advance that, say tp is °f how much extra buffer space will be gained by
going to be scheduled right after bd (whose outputs €Xecuting the 'box —and is trivially ~computed
feed by), then the storage manager can be bypassé§rain_siz€hx(1- g D), wheretrain_sizb) is the size
(assuming there is sufficient buffer space) anditerhead of b's queue that is in buffer ang{b) is the selectivity ob.
avoided while transferring,'s outputs tob,’'s queue. The train factortf(b), refers to the intra-box non-linearity
Train Scheduling. Aurora exploits the benefits of non- and is a measure of the expected potential decrease in the
linearity in both intra-box and inter-box tuple m®ssing unit cost of tuple execution i’s execution is deferred to
primarily throughtrain scheduling a set of scheduling create a longer train (e.g., in Figure 7, it makes more sense
heuristics whose primary goal is to have boxes quas to deferb, than to defeb;).
many tuples as possible without processing (thereby For each selected output, Aurora will find the first
generating long tuple trains), to process comptedtns at downstream box whose queue is in memory (note thaa for
once (thereby exploiting intra-box non-linearitygnd to box to be schedulable, its queue must at least contain its
pass them to the subsequent boxes without havigptto  window’s worth of tuples). Going upstream, Aurora will
disk (thereby exploiting inter-box non-linearityOne then consider other boxes, until either it considers a box
important implication of train scheduling is thatnlike whose gqueue is not in memory or it runs out of box&s.
traditional blocking operators that wake up and qess this point, there is going to be a sequence of boxes é.e.,
any new input tuples as they arrive, Aurora schedtills superbok that can be scheduled one after another. For
each box when to execute and how many queued tapleseach such superbox, Aurora will computedaf_tf value,
process. This somewhat complicates the implementati and choose the superbox that has the highest such value.
and increases the load of the scheduler, but ies®ary for The final schedule will consist of superboxes (one for each
creating and processing trains, which will significly chosen output) sorted by thdiuf_tfvalues.
decrease overall execution costs. In order to execute a box, Aurora contacts the storage
Because of the extreme scale, highly dynamic natfire manager and asks that the queue of the box be pinned to
the system, and the granularity of scheduling, sleiag for  the buffer throughout box’s execution. It then passes the
optimal scheduling solutions is clearly infeasiblurora location of the input queue to the appropriate box
therefore uses heuristics to strike a good baldreiveen processor code, specifies how many tuples the box should
the real-time requirements and cost minimization. process, and assigns it to an available worker thread.
Rather than considering all boxes for schedulingio 4 4 Introspection

is prohibitive for a large network, Aurora firststicts its Aurora employs static and run-time introspection
attention to the topk highest priority outputs (and the yoopnigues to predict and detect overload situations.

boxes that corregpc_)nd to those OUtP.UtS) that .h‘m’e'$ in Static Analysis. The goal of static analysis is to
memory. The priority of an output IS an indicatian its determine if the hardware running the Aurora network is
urgency, and can be computed, for instance, basethe ;04 correctly. If insufficient computational resources are
average stal_eness of the unprocessed tuples thmg)m_ present to handle the steady state requirements of an
it. If the relative value ok to the total number of outputs is Aurora network, then queue lengths will increase without

small, this approach should signi_ficantly reduces .th bound and response times will become arbitrarily large.
number of boxes that Aurora considers for schedulin As described before. each bbxin an Aurora network

Note that the priority list is recomputed periodiganot at has an expected tuple brocessing ¢ and a
each scheduling point. The assumption is that #ative P pe P g costh),



selectivity,s(b). If we also know the expected rate of tuple4,5 Load Shedding
productionr(d) from each data sourc#; then we can use When an overload is detected as a result of static or
the following static analysis to ascertain if Aurora is sizedjynamic analysis, Aurora attempts to reduce the volume of
correctly. Aurora tuple processing vidoad shedding The naive
From each data source, we begin by examining thgpproach to load shedding involves dropping tuples at
immediate downstream boxes: if bok is directly random points in the network in an entirely uncontrolled
downstream from data sourdg then, for the system to be manner. This is similar to dropping overflow packets in
stable, the throughput &f should be at least as large as theyacket-switching networks [28], and has two potential

input data rate; i.e., problems: (1) overall system utility might be degraded
17c(@)=r(d) more than necessary; and (2) application semantics might
We can then calculate the output data rate flpas: be arbitrarily affected. In order to alleviate these problems,
min(1/ c(B), r(d))x K b) Aurora relies on QoS information to guide the load

@edding process. We now describe two load shedding
hemes that differ in the way they exploit QoS
rT{nformation.

Proceeding iteratively, we can compute the output da
rate and computational requirements for each box in
Aurora network. We can then calculate the minimu . . !

Load Shedding by Dropping Tuples. The first

aggregate computational resources required per unit time ; ]
min_cap for stable steady-state operation. Clearly, thgpproach addresses the former problem mentioned above:

Aurora system with a capacityC cannot handle the it attempts to minimize the degradation (or maximize the

expected steady state loadGfis smaller thanmin_cap improvement) in the overall system QoS; i.e., the QoS

Furthermore, the response times will assuredly sufféf?ues aggregated over all the outputs. This is

under the expected load of ad-hoc queries if accomplished by dropping tuples on network branches that
CxH < min_ cap terminate inrmore toleranboutputs.

If load shedding is triggered as a result of static analysis
Clearly, this is an undesirable situation and can b g 99 aly

- . fhen we cannot expect to use delay-based or value-based
corrected by redesigning applications to change the@?

: . 0S information (without assuming the availability af
resource requirements, by supplying more resources

. . . iori knowledge of the tuple delays or frequency
increase system capacity, or by load shedding. distribution of values). On the other hand, if load shiedd

Dynamic Analysis. Even if the system has sufficient js yigqered as a result of dynamic analysis, we can also use
resources to execute a given Aurora network Undefelay-hased QoS graphs if available.

expected conditions, unpredictable, long-duration spikes in \ya yse a greedy algorithm to perform load shedding.

input rates may deteriorate performance to a level thgl q injtially describe the static load shedding algorithm

renders the system useless. We now describe two run-tirgg,an by drop-based QoS graphs. We first identify the

techniques to detect such cases. _ _output with the smallest negative slope for the
Our first technique for detecting an overload relies ORorresponding QoS graph. We move horizontally along

the use of delay—baﬁed ?Osf infordmation, if availabrll is curve until there is another output whose QoS curve
Aurora timestamps all tuples from data sources as thgy,q 5 smaller negative slope at that point. This horizontal

arrive. Furthermore, all Aurora operators preserve the tuplego ance gives us an indication of theitput tuples to
timestamps as they produce output tuples (if an operatgf,, (i e the selectivity of the drop box to be inserted)
has multiple input tuples, then the earlier timestamp igyat would result in the minimum decrease in the overall

preserved). When Aurora delivers an output tuple 10 88,5 \we then move the corresponding drop box as far
application, it checks the corresponding delay-based QQpgiream as possible until we find a box that affects other

graph (Figure 4b) for that output to ascertain that tBRd 10t (j.e., asplit poing, and place the drop box at this
is at an acceptable level (i.e., the output is in §®d 5int  Meanwhile, we can calculate the amount of

zone). , o , _ recovered resources. If the system resources are still not
If delay-based QoS information is not available to guidg ficient. then we repeat the process.

Aurora in detecting abnormal operation, then Aurora o the run-time case, the algorithm is similar except

employs a Some‘_’Vhat cru_der te_chnique. SpeCiﬁcaHXhat we can use delay-based QoS graphs to identify the
Aurora watches its internal dispatching queue for eV'de”ﬁf'roblematic outputs, i.e., the ones which are beyond their

of sustained growth of one or more of the logical queu€ge|ay thresholds, and we repeat the load shedding process
(in front of some box(es)). If a buildup is observed for until%he latency éoals are mgt. gp

period of time exceeding a threshold, then Aurora takes |, general, there are two subtleties in dynamic load

corrective action. Of course, longer queue lengths do n@heqding. First, drop boxes inserted by the load shedder
necessarily mean that the delivered QoS is bad Qg be among the ones that are given higher pridsty

unacceptable (e.g., consider train scheduling). Unlegge scheduler. Otherwise, load shedding will be ineffective
delay-based QoS information is available, however, this | reducing the load of the system. Therefore, the load

the most reliable piece of information used to trigger loady,oqder simply does not consider timactive (i.e., low
shedding. priority) outputs, which are indicated by the scheduler.



Secondly, the algorithm tries to move the drop boxes agide area setting, while we are initially focusing on the
close to the sources as possible to discard tuples befar@nstruction of a general stream processor that can process
they redundantly consume any resources. On the othegry large numbers of streams.
hand, if there is a box with a large existing queue, it makes Indexing queries [2] is an important technique for
sense tdemporarilyinsert the drop box at that point ratherenhancing the performance of large-scale filtering
than trying to move it upstream closer towards the datapplications (e.g., publish/subscribe). In Aurora, this
sources. would correspond to a merge of some inputs followed by a
Presumably, the application is coded so that it cafanout to a large number of filter boxes. Query indexing
tolerate missing tuples from a data source caused lwyould be useful here, but it represents only one Aurora
communication failures or other problems. Hence, loagrocessing idiom.
shedding simply artificially introduces additional missing As in Aurora, active databases [21, 22] are concerned
tuples. Although the semantics of the application areith monitoring conditions. These conditions can be a
somewhat different, the harm should not be too damagingresult of any arbitrary update on the stored database state.
Semantic Load Shedding by Filtering Tuples.The In our setting, updates are append-only, thus requiring
load shedding scheme described above effectively reductifferent processing strategies for detecting monitored
the amount of Aurora processing by droppirgndomly conditions. Triggers evaluate conditions that are either true
selectedtuples at strategic points in the network. Whileor false. Our framework is general enough to support
this approach attempts to minimize the loss in overatjueries over streams or the conversion of these queries into
system utility, it fails to control the impact of the gsped monitored conditions. There has also been extensive work
tuples on application semantics. Semantic load sheddiog making active databases highly scalable (e.g., [10]).
addresses this limitation by using value-based QoSimilar to continuous query research, these efforts have
information, if available (recall that value-based QoSocused on query indexing, while Aurora is constructing a
graphs specify the relative importance of various values fanore general system.
a given output). Specifically, semantic load shedding drops Adaptive query processing techniques (e.g., [3, 14, 27])
tuples in a more controlled way; i.e., it drops lessaddress efficient query execution in unpredictable and
important tuples, rather than random ones, using filters. dynamic environments by revising the query execution
If value-based QoS information is available, therplan as the characteristics of incoming data changes. Of
Aurora can watch each output and build up a histogramarticular relevance is the Eddies work [3]. Unlike
containing the frequency with which value ranges haveaditional query processing where every tuple from a
been observed. In addition, Aurora can calculate thgiven data source gets processed in the same way, each
expected utility of a range of outputs by multiplying thetuple processed by an Eddy is dynamically routed to
QoS values with the corresponding frequency values faperator threads for partial processing, with the
every interval and then summing these values. To shedsponsibility falling upon the tuple to carry with itsi
load, Aurora identifies the output with thewest utility processing state. Recent work [18] extended Eddies to
interval, converts this interval to a filter predicate; andsupport the processing of queries over streams, mainly by
then, as before, attempts to propagate the correspondipgrmitting Eddies systems to process multiple queries
filter box as far upstream as possible to a split poititis ~ simultaneously and for unbounded lengths of time. The
strategy, which we refer to adackward interval Aurora architecture bears some similarity to that of Eddies
propagation admittedly has limited scope because iin its division of a single query’s processing into ftipile
requires the application of the inverse function for eacthreads of control (one per query operator). However,
operator passed upstream (Aurora boxes do not necessaglyeries processed by Eddies are expected to be processed
have inverses). An alternative stratedgrward interval in their entirety; there is neither the notion of load
propagation estimatesa proper filter predicate and shedding, nor quality of service.
propagates it iownstreandirection to see what results at  Directly related work on stream data query processing
the output. By trial-and-error, Aurora can converge on architectures shares many of the goals and target
desired filter predicate. Note that a combination of thesapplication domains with Aurora. The Streams project [4]
two strategies can also be utilized. First, Aurora can appbttempts to provide complete DBMS functionality along
backward propagation until a box, seywhose operator’s with support for continuous queries over streaming data.
inverse is difficult to compute. Aurora can then applyAurora’s main emphasis is on efficiently supporting
forward propagation between the insertion location of theophisticated continuous queries over a large number of
filter box andb. This algorithm can be applied iteratively potentially very fast data streams, thus sacrificing some

until sufficient load is shed. traditional database functionality such as transactions. The
Fjords architecture [17] combines querying of push-based
5 Related Work sensor sources with pull-based traditional sources by

A special case of Aurora processing is as a continuo@gnbedding the pull/push semantics into queues between
query system. A continuous query system like Niagara [§]uery operators. It is fundamentally different from Auxor

is concerned with combining multiple data sources in ' that operator scheduling is governed by a combination
of schedulers specific to query threads and operator-queue



interactions. Tribeca [26] is an extensible, stream-orientademory-resident and are scheduled and executed in their
data processor designed specifically for supportingntirety. Note that Eddies scheduling [3, 18] addresses the
network traffic analysis. While Tribeca incorporates manyatter issue by favoring memory-resident tuples for
of the stream operators and compile-time optimizationsxecution. To the best of our knowledge, however, our
Aurora supports, it does not address crucial run-timesissutrain scheduling approach is unique in its ability to reduce
such as scheduling or load shedding. Furthermore, Tribeoserall execution costs by exploiting intra- and inter-box
does not have the concept of ad-hoc queries, and, thumn-linearities described here.
does not address relevant storage organization issues. The work of [27] takes a scheduling-based approach to
Tools for mining of stream-based data have receiveguery processing; however, they do not address continuous
considerable attention lately. Some tools only allow ongueries, are primarily concerned with data rates that are too
pass over stored stream data (e.g., [12]), whereas othsisw (we also consider rates that are too high), and they
(e.g., [13]) are interested in addressing data miningnly address query plans that are trees with single outputs
problems and, thus, require multiple passes. The congestion control problem in data networks [28] is
Work in sequence databases [25] defined sequenoelevant to Aurora and its load shedding mechanism. Load
definition and manipulation languages over discrete dathedding in networks typically involves dropping
sequences. The Chronicle data model [15] defined iadividual packets randomly, based on timestamps, or
restricted view definition and manipulation language ovensing (application-specified) priority bits. Despite
append-only sequences. Aurora’s algebra extends relevaonceptual similarities, there are also some fundamental
aspects of previous proposals by proposing a binadifferences between network load shedding and Aurora
windowed operator (i.e., join), which is indispensable foload shedding. First, unlike network load shedding which
continuous query execution over data streams. is inherently distributed, Aurora is aware of the entire
Our work is also relevant to materialized views [9],system state and can potentially make more intelligent
which are essentially stored continuous queries that are hedding decisions. Second, Aurora uses QoS information
executed (or incrementally updated) as their base data gm®vided by the external applications to trigger and guide
modified. However, Aurora’s notion of continuous queriesoad shedding. Third, Aurora’s semantic load shedding
differs from materialized views primarily in that Aurora approach not only attempts to minimize the degradation in
updates are append-only, thus, making it much easier ¢twerall system utility, but also quantifies the imprecision
incrementally materialize the view. Also, query results ardue to dropped tuples.
streamed (rather than stored); and high stream data ratesAurora load shedding is also related to approximate
may require load shedding or other approximate quemyuery answering (e.g., [11]) and data reduction and
processing techniques that trade off efficiency for resukummary techniques [5, 8], where result accuracy is traded
accuracy. for efficiency. By throwing away data, Aurora bases its
Our work is likely to benefit from and contribute toeh computations on sampled data, effectively producing
considerable research on temporal databases [20] aampproximate answers using data sampling. The unique
main-memory databases [7], which assume an HAD®&spect of our approach is that our sampling is driven by
model, whereas Aurora proposes a DAHP model th&osS specifications.
builds streams as fundamental Aurora objects. We can also
benefit from the literature on real-time databases [16, 20f Conclusions

In a real-time database system, transactions are assign@ghitoring applications are those where streams of
timing constraints and the system attempts to ensurejgormation, triggers, real-time requirements, and
degree of confidence in meeting these timing requiremenigprecise data are prevalent. Traditional DBMSs are based
The Aurora notion of QoS specification extends the soff the HADP model, and thus cannot provide adequate
and hard deadlines employed in real-time databases dQpport for such applications. In this paper, we have
general utility functions. Furthermore, real-time databasgfescribed the architecture of Aurora, a DAHP system,
associate deadlines with individual transactions, where@giented towards monitoring applications. We argued that
Aurora associates QoS curves with outputs from streaftoviding efficient support for these demanding
processing and, thus, has to support continuous timingyplications not only require critically revisiting many
requirements. . . existing aspects of database design and implementation,
There has been extensive research on scheduling tagfg also require developing novel proactive data storage
in real-time and multimedia systems and databases [1§d processing concepts and techniques.
20]. The proposed approaches are commonly deadline- (or|n this paper, we first presented the basic Aurora
QoS-) driven; i.e., at each scheduling point, the task thakchitecture, along with the primitive building blocks for
has the earliest deadline or one that is expected to provig@yrkflow processing. We followed with several heuristics
the highest QoS (e.g., throughput) is identified angor optimizing a large Aurora network. We then focused on
scheduled. In Aurora, such an approach is not onlyn_time data storage and processing issues, discussing in

schedulable tasks (i.e., tuples), but is also inefficient

because of the implicit assumption that all tasks are
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introspection, and load shedding, and proposed novel Research Center, Palo Alto, California Technical
solutions in all these areas. Report TR-1998-011, May 1998.

We have started to implement the proposed architectufg3]C. Hidber. Online Association Rule Mining. In
and shortly expect to have an initial prototype, which we  Proceedings of the 1999 ACM SIGMOD International
will use to verify the effectiveness and practicality of the  Conference on Management of DatRhiladelphia,
Aurora model and related algorithms. In terms of future PA, 1999.
work, we identified two important research directions[14]Z. G. lves, D. Florescu, M. Friedman, A. Levy, and D
First, we are extending our data and processing model to S. Weld. An Adaptive Query Execution System for
cope with missing and imprecise data values, which are Data Integration. InProc. of the SIGMOD Conf.
common in applications involving sensor-generated data Philadelphia, PA, 1999.
streams. Second, we are working on a distributed Aurofd5]H. V. Jagadish, I. S. Mumick, and A. Silberschatz.
architecture that will enable operators to be pushed closer View Maintenance Issues for the Chronicle Data
to the data sources, potentially yielding significantly = Model. InProc. of the 14th PODSL995.
improved scalability, energy use, and bandwidtljil6]B. Kao and H. Garcia-Molina, “An Overview of

efficiency. Realtime Database Systems,” inReal Time
Computing W. A. Halang and A. D. Stoyenko, Eds.:
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Appendix 1. Aurora Query Operator Semantics 4. Merge (+): Merge performs the union of tuples

A stream is a potentially infinite set of tuples ordered by from separate but compatible streaifi®., those
index values(such as timestamps or integer positions). that have the same index types, units of measure,
More formally, astream S, is a set of (index value, tuple) and tuple schemas).
pairs (streanelements) S+S=S0 S

S ={(i, ), (iz, &), ... ,(ini o), . 5. Resamplgp): Resample predicts elements in one

such that index values, belong to arindex type(below),
and all tuplest;, belong to the same schema.

An index type is a totally ordered type that is associated
with a unit measurewhich defines minimal increments in
index values. For example, if the index type consists of
timestamps (as in stock data), then the associated unit
measure might be5 min or 1 hour depending on the

stream for every index value represented in
another. The prediction is made based on a
prediction function,f, and a window sizey, that
indicates how much history fror§; must be used
for prediction. Thus, for any stream§; and S,
with compatible index types; window size;, and

; ! : function,f:
maximum frequency of stock data. Unit measures permit ( )y={(i {9)| §1iz0
expression of distances between elements, and window Pui (30 S ’ '
sizes within queries. Index types include the following S'={(I, A0 §1A(] )< W}
operations: 6. Join (<) Join correlates pairs of streams with
e Ordering relations(<, >, <, =): Because the index compatible indexes (i.e., the same types and unit
type is a total order, it must be the case for any measures). Elements from different streams are
elements of the index typé, andi,, that eitheli; <i,, i, joined provided that the distance between them (as
<igpOrig=is determined by their indexes) is within a given
» Position Arithmetic(+, -, %): For any index valuei, i window size. Thus, for any strean$ and S;;
+ k is the index value that ik unit measures more than predicatep; function,f, and window sizew:
i. For example, ifi is a timestamp-based index type Sle<, i R={ ( x Y[O]
with unit measure, 1 hour, then 15:803 = 18:00. ‘-’ : . .
is defined similarly. ‘%’ performs modular arithniet ISoOs g0 A )s
on index values. wxOS[L YOS D, pxy
+ Distance(A): A (i, i) is the integer distance (in unit 7. Drop (J): Drop is a special kind of filter that filters
measures) between index valugandis,. streams according to index values. Specifically,
In defining the formal semantics of Aurora’s query given a period of k units, & would block all
operators, we adopt the following shorthand notatio elements for everk” index value. More formally,
applicable to any stream, given a positive integek;
S ={(in, t), (iz, )., (iny i), -} 5.9 ={(id| (i) OS Pok 0}
1. Sfid = {(i t | (i t) O S
2. Himdn] = {(i ) | () OS, i <ik<in}
3. index(i t) = ik, value(iy, t) = t Appendix 2. Operator Commutativity Properties
Aurora’s query operations all accept one or maiput This appendix treats conditional commutativity in more
streams and produce a single output stream: detail. In Table 2, we present the commutativity
1. Filter (0): g,(9 returns stream elements 8that information presented in Table 1 with all the conditional
satisfy the predicate: cases numbered. What follows are the precise conditions
g,(9={{ XIS b} for commutativity for each of the ten cases.
2. Map(y): (S applies the functionf to every 1. 0,(u(9) = ui(0,(9), if attributes referred to
stream element i& in pare unchanged bf .
H (S ={ (3] X $ 2. o,(p(f.S,8)=p(10,(9), 9, if
3.  Windowed-MagM): Given functionf, that maps a i pis alwaystrue (i.e.,selectivitf p=1)

subset of consecutive stream elements (window) to

another steam element;( S returns the stream onboth§ andp(f, S, S), or

resulting from applying to every set of elements in i hged S) O HingeT £ 9)) -
S whose index values differ by at most unit 3. 0, (> conca w(St ) =9 g qeoncarel S D
measures:

M, (S)={ (9| 0q 5= B.d ¢ wi) where
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filter | mag | w. mag | merge | resample | join drop
filter yes
map 1 4
w. map no 5 8
merge yes | yes no yes
resampl 2 6 no no 9
join 3 7 no no no 10
drop yes | yes no yes no no ye

Table2: Detailed operator commutativity tal

>< (SU %) = qu,concav f, W(Sl’ %) =

pOq, concat w

[><]q,concat W(J p(Sl)7 %)l >< p,concat W(/J f(SL)' %)’
if f is defined onS and

if pis defined on§ and
f is not defined orS§,

p is not defined orf5,
> <g,concat w(S T $)), > < concat w (S1 4 ((S)),
if pis not defined on§ and if f is not defined orS and
p is defined onS, f is defined orS,

B <g,conca w(Tp (S, T, (S)), > concat w (4 (S, 5 (S,)),
if pis defined on both§ ands if f is defined on bott§, andy
B <g,concat w(@ 5(S):T ,(S)), > < concat w (4 (S M 4 (S)),
if pis not defined on eithe§ o8 |, if f is not defined on eithe§  of |,
butf=1 of,,

butp=p0p,

wherep, is defined ol and
p, is defined onS, and f, is defined o,

(SU %), otherwise. [><]p,concat W(Sl' %)’ otherwise

and attributes referred to inpare unchanged

wheref, is defined o,

[><]q,concat w

In the above formulationconcat which stands for

concatenation of two tuples, is given as the ddfaul by f .

combining function of the join operator. In facthy 8. S)) = if for anv i

function that keeps the attributes of the joinegles 'uf:w('UQJW_( ) '“g,w('uf,.w( 3?' y

that are also referred by predicateould be used fo(ii+u-1]), o(§ #1..H U),..,
og(qi+ w-1..i+ u+ w-2])) =

instead.
4 pi (g (S) = pg(ui(9) , if fog=gof. g(f(i.i+u-1]), f( i+1..i+ u),..,
5. 14y (Hy u(S)) = Hy (1 (9), if for any index , F(Si+ w=L.i+ ut w-2]))
f(g(gi.i+w-1])) = 9. p(f,p(9,5,8), 9)=p(g( 53 I
o(f(FD, (3 #1....., ($# wei])’ tr=g.
In other words, f should distribute ovey . Note 10 B>< concat w (< g concat {S1 ), §) =
that this formulation assumes that indices act as ' > < concat u (1> < concat vk S B
keys. : if pis defined on attributes 0§, andS;, and qis
0 Hy(p(T.8, 8N =P(14(9), 9. T defined on attributes 0§ ands, .

i. f introduces no new values iy (e.g.,
f is a step-wise constant function), or
ii. g is the identity function, or
i e S) 0 Mok S) -
Hi (> concar w (S $)) =
> < concato (S S)

where
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