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Abstract We have studied this problem earlier in a limited context

. . [20]. In that work, load shedding is accomplished by inseyti
Data stream management systems may be subject to hig d reducing operations (i.e., random drops or semarttics)
input rates than their resources can handle. In this case, r¢ ’

. . fhto the query network. The drops are initially insertedhe t
sults get delayed and Quality of Service (QoS) at system autp htputs gnd t>;1en moved closer tg the inputs 'Eg avoid dropping

may fall below acceptable levels. Load shedding addresses t ples in which we have already invested significant work. Our

problem by allowing data loss in exchange for reduced Ia)tencearlier work, however, was not able to move a drop across an

Drop operators are placed at carefully chosen pointsin a queraggregate operator. This is a serious limitation sinceeuges

plan, in order to relieve overload with minimal loss in answer, - potentially expensive and play an important role in many

quality. 'In this paper, we describe a load shedding tGCh'H"q.L’streaming applications. This paper attempts to remedy that
for queries consisting of one or more aggregate operatork wit i ,

sliding windows. We introduce a sophisticated drop operato In our previous yvork [20], we produced an approximate an-
called a “Windowed Drop”. This operator is aware of win- swer that only omitted tuples from the correct answer. Thus,

dow properties (i.e., window size and window slide) of dowr{fl_ll tuples that were delivered are a part_ _of the r_eal answer. In
stream aggregate operators in the query plan. Accordirigly, 0ther words, we never producéalse positives This property
logically partitions the stream into windows and probagtili 'S important since it allows the application to rely on the tu-
cally decides which windows to drop. This decision is furthd?/€S that it receives to be correct. In many cases, the answer
encoded into tuples by marking the ones that are disallow&§©Ws some periodicity. For example, for a query network that
from starting new windows. Unlike earlier approaches, our apProduces 5-second temperature averages, a missing value wil

proach preserves integrity of windows throughout a queanpl be ggrrected when the nr(]axt onheI IS rec;?lveq. M.orek?ver,. if flalse
and always delivers subsets of original query answers with miPositives are produced through load shedding in the middle o
imal degradation in overall QoS utility. the query network, it is unclear how this error will propagate

through subsequent downstream operators. The approach take
in this paper preserves this “no false positives” principle

Nested aggregates occur naturally in a system like Aurora.

Stream processing engines (SPEs) like Aurora [5, 8, 18ljilt-in aggregates can be nested as in the 1-hour minimum of
have been shown to be useful for many modern applicatioBsminute averages. Aurora also supports user-defined aggre-
that have very high input rates and that need low-latency r§ates as a way to produce answers that depend on a range of
sponse to a set of continuous queries. Applications that hgygut values (a window). This capability has been used exten-
this characteristic include network traffic monitoringjustrial sively in real applications. For example, in one financia+ se
process control, and sensor networks. vice application, the quality of a feed can often be deteemiin

Providing meaningful service even under system overloadlsy the delay between ticks [5]. We use a user-defined aggre-
one of the challenges for stream processing engines. We ggte to identify these delays by forming windows as pairs of
sume that overloads occur as temporary bursts. If an owerlogples. For each window, the aggregate emits a tuple that con-
is sustained, then the system is not provisioned propettyaa tains the time difference between the two tuples. This stream
SPE will likely not be able to provide acceptable service. Undgs then filtered to retain differences that are larger thaiverg
such bursty conditions, queues will build up, thereby seflipu threshold. A downstream aggregate operator then counts thes
increasing the latency of results. Thus, if we are to operagktreme delays. This kind of behavior can nest to an arlitrar
within the given latency bounds, there may be no alternativepth. Thus, this work deals well with nested aggregates.
but to shed load by dropping some tuples. Dropping tuples Will ¢ reqt of this paper is outlined as follows: Section 2
produce an approximation to the correct result. The goal thf)resents an overview of models and assumptions underlyéng t
becomes to develop load ?heddi_”g glgorithms that rémove glleam processing environment that we consider. Our window-
overload and at the same time minimize the degradation of tgﬁ/are load shedding approach is presented in detail indecti

result. 3. Section 4 briefly discusses how our basic approach can be
* This work has been supported by the NSF, under the grants088a57 eXt?nded In various ways. Theorenca} and e?<per|menta+ eva
and 11S-0325838. uation of our approach is presented in Section 5. Section 6

1 Introduction




summarizes the related work in this area. Finally, we coreludling on queries witlsliding window aggregate®©ur load shed-
in Section 7 outlining potential avenues for further reskar  ding framework uses QoS specifications defined at query out-
. puts, various system statistics like relative input rabg&rator

2 Models and Assumptions costs and selectivities to generate a static sequence pfiiro
The work presented in this paper is part of the Aurora streagertion plans. Each plan has a corresponding overloaddedel

processing system [1]. We first give a brief overview of Aurorgets activated whenever the system reaches that level. As load

with emphasis on its load shedder component, followed bylavels change, the load shedder adaptively switches from one

detailed discussion of other models and assumptions teat aftan to another. To generate these plans, we first identify the

particularly relevant to the work described in this paper. candidate drop locations in a query network. Next, for eaeh lo

2.1 Aurora and its Load Shedder cation, we compute a loss/gain ratio, indicating the unit QoS

utility loss per CPU cycles gained if a drop were inserted aitt th

Aurora is a data stream management system for processiggation. These locations are sorted in increasing ordéesf
continuous queries over data streams [1]. Queries are definggos. Finally, drop insertion plans are generated by gssing
through a boxes-and-arrows-based dataflow diagram. Each Ryen jocation in order. This algorithm guarantees minimas Qo
represents an Aurora query operator and each arc represenigifly loss; i.e., for any overload level, drops are insersuch
data flow or a queue between the operators. Common Subggt utility loss for gained cycles in return is minimized.
pres_:sions can be shared across multiple queries by allowinggpe important assumption of our load shedding framework
multiple arcs to emanate from a single box. _ is that it always delivers subsets of query answers. In other

A stream is an append-only sequence of tuples with a URjprds, even though tuples get dropped, queries deliveesalu
form schema. Queries are composed using the operators gguf which would also occur in the exact answer; no new val-
fined by the Aurora Stream QUery ALgebra (SQUAI) [1], iNyyes are generated. This is implied by our QoS model which
cluding Filter, Map, Union, Aggregate, Join, BSort, and Reégrovides us with two alternative functions:(1) a loss-tatere
sample. Briefly, Filter applies a predicate to tuples andinst QoS function, which maps percent tuple delivery to utility-val
those for which the predicate is true. Map applies a functianes, (2) a value-based QoS function, which maps tuple values
to each stream element. Union merges two input streams ijfptjlity values. The load shedder uses (1) for random load
one. Aggregate applies a function owadowof tuples. Join shedding, where tuples are dropped based a drop probability,
correlates tuples from two streams that are within the same ti 5, (2) for semantic load shedding, where tuples are dropped
band. BSort is an approximate sort operator. Finally, Rg$&m pased on a drop predicate.

is used to align pairs of streams. We omit further detailsiabo  the ahove framework has a major shortcoming when win-

these operators and refer the interested reader to [1]. Heor {yo\yed operators are involved: dropping individual tuplesrir
purposes of this paper, we assume that query networks do 8@kams does not guarantee subset results when such streams
contain any Join, BSort or Resample operators. ~are to be processed by windowed operators. Windowed opera-
Aurora has a number of run-time components including @ys deliver subset results if and only if they operate ogioel
Scheduler, a Storage Manager, and a Load Shedder. The schgdlows as indivisible units. This observation led us to irtven
uler makes decisions about operator execution order [6f Th new type of drop operator, calledMindowed Dropwhich is
Storage Manager is responsible for efficient storage and ke main focus of this paper.
trieval of tuple queues on arcs between operators. Finaly, t i .
Load Shedder is responsible for managing overload due to hig-2  Aggregation Queries
input rates [20]. An aggregation querys composed of one or more aggre-
Most of Aurora optimizations are driven by its Quality ofgate operators along with other operators. Aggregate operato
Service (QoS) model. Query results are sent to external appiet onwindows of tuplesBefore we define how an aggregate
cations for which a number of QoS functions are defined. Foperator works, we describe how we model its two important
each application, these functions relate a characten$tibe building blocks: windows and aggregate functions.
output to its utility. For example, a delay-based QoS functioThe Window Model. Data streams are continuous data records
maps tuple latencies to utility values such that as tuplesge that may be infinitely large in number. Traditional set oper-
layed, their utility degrades. ations like join or aggregate may block or may require un-
The Load Shedder component, which is the focus of thisounded memory if there is no end to data arrival. On the
paper, continuously monitors CPU load of a running Aurorather hand, most applications require processing on etcerp
query network. If an overload is detected, drop operatogs aof a stream rather than the whole. Each such excerpt is called
inserted into the query network. These operators disclddu awindow Windows can be modeled in various ways [14]. In
based on a criteria linked to QoS specifications at outputs. TAurora, there are two ways to physically build windows: (i)
goal is to remove excess load from the system with miniméime-based windows, and (ii) count-based windows. In the for-
degradation in QoS. mer, an attribute is designated as the windowing attribute-(us
We introduced this general notion of load shedding for datally time) and consecutive tuples whose such attribute isimvith
stream management systems in our earlier work [20]. In théscertain interval constitute a window (e.g., stock repovis o
paper, we build on our previous framework to enable load shetthe last 10 minutes); whereas in the latter, a certain number o



consecutive tuples constitute a window (e.g., the last 18-reave say that we havetambling windowand asliding window
ings from the temperature sensér)Additionally, Aurora uses otherwise. Tumbling windows constitute an interesting case be
asliding windowmodel where window endpoints on the streancause they partition a stream into non-overlapping cornsecu
move by a certain amount to produce new windows. windows.

The Aggregate Function.An aggregate functiorf takes in a
window of values and performs a computation on théfrcan
be a standard SQL-style aggregate function (SUM, AVERAGE, Approximate answers result from dropping tuples. In Au-
COUNT, MIN, MAX) or a Postgres-style user-defined functiorfora, we shed load such that the total utility loss measured at
(UDF). As in Postgres, aggregate functions in Aurora have tf{ge output is minimized. To be more specifidpas-tolerance
formF(init, incr, final),suchthatthénit func- QOS functiormaps the percent tuple delivery to utility values
tion is called to initialize a state when a window is openedsee Figure 1). The larger the percentage of output tuples de
i ncr is called to update that state whenever a tuple that bézered, the higher its utility to the receiving applicatidn the
longs to that window arrives; arfd nal is called to convert case of a single query, minimizing utility loss correspotmls
the state to a final result when the window closes. Note that, BEViding the largest possible subset of the actual quenylte

it will soon become apparent, our approach is in fact indepeHt the case of multiple queries, the load to shed from each is
dent of the particular aggregate functions used in a query. based on their (possibly different) tolerance to loss.

The Aggregate Operator. An aggregate operator
Aggregate(S,[T],w,d, F,[G]) has the following seman-
tics. Aggregate takes an input streaifi, which is ordered in
increasing order on one of its attributes denoted/hywhich 1.0
we call thewindowing attribute?. In practice, this attribute

usually corresponds to tuple timestamps which can either

2.3 The Approximation Model

utility

be embedded in the tuple during its generation at the source 04|----q------

(e.g., temperature readings from a sensor, recorded with the

time they were measured), or can be assigned by the stream 0 1 % tuple

processing system at the arrival time of the tuple. From here 100 70 20 o  delvery

on, we will use the termmestampandwindowing attribute Figure 1. Loss-tolerance QoS function

interchangeably.
S is divided into substreams based on the group-by attribute In addition to a loss-tolerance QoS function, we assume that
G 3. Each substream constitutes a sequence of windows each output application also specifies a threshold for les-to
which the aggregate functiafi is to be applied.Aggregate  ance to gaps or "lack of responsiveness”. We call the maximum
outputs a stream of tuples of the forfi v, [g]), one for each gap thebatch size The system must guarantee that the number
window W processed: is the smallest timestamp of the tuplesof consecutive output tuples missed due to load sheddingrnev
in W, v is the final aggregate value returned by fhenal  exceeds this value.
function of 7, andg is the value of the group-by attribute  Note that batch size puts a lower bound on loss. Given a
(skipped wherg is not specified). Until Section 4.1, we will batch size3, the query must at least deliver 1 tuple out of every
assume thaf is a single group. B+ 1 tuples. Therefore, the percentage of tuples delivered can
Aggregate’s window properties are defined by two impor-never be belowi /(B + 1). If overload requires more drops,
tant parametersvindow sizes andwindow slides. These pa- then some applications may have to be completely shut down.
rameters can be defined in two alternative ways: (i) in uni . .
of the windowing attributeZ” (i.e., time-based window), (i 3 Window-aware Load Shedding
in terms of number of tuples (i.e., count-based window). Un- In this section, we present our window-aware load shedding
less otherwise stated, we assume the time-based windowigproach for aggregation queries over data streams. We show
scheme. Section 4.2 discusses extensions to the court-basew various types of aggregation queries are handled throug
model. According to the time-based windowing scheme, a wihe use of a sophisticatélindowed Dromperator.
dow W consists of tuples whqse timestamp vaIuefs are less thgri The Windowed Drop Operator
w apart. Whemggregate receives a tuple whose timestamp is
equal to or greater than the smallest timestam@/in- w, W A windowed drop operatorWWinDrop(S,T,w,d,p,B)
has to be closed. While denotes how large a window is andtakes five parameters in addition to an input stre&n" de-
thus when it should be closed,denotes when new windows hotes the windowing attribute, denotes the window sizé,
should be opened. Evefytimestamp unitsdggregate has to denotes the window slide, denotes the drop probability, and

open a new window. We assume that 6 < w. Whend = w, B denotes the batch size. THew, j parameters ofV in Drop
— ) o ) are derived based on the properties of the downstream aggrega
INote that in (i), tuples are assumed to arrive to the aggrégaiereasing

o , . operatorsp is determined by the load shedder according to the
order of their windowing attributes.
2f T is not specifi ed Aggregate requires no order on its input stream. ~ @mount of |O§d to be _Shed ?‘long the subquery doqutrgam from
3f G is not specifi ed, thes is treated as a single group. WinDrop. Finally, B is derived from the QoS specifications at




| Window spec]| Description | any of the aggregates in the query, thereby saving from peace

-1 don’t care ing early in the query networlOur goal is to perform drops as

0 window disallowed early as possible while retaining the same effect of placing a
window allowed:; random drop following final aggregate in a path

T must preserve tuples witls < 7 An alternative approach to windowed drop could be to

Table 1. Window specification attribute have the aggregates themselves decide which windows to skip.

There are several reasons why using a separate windowed drop
operator is more desirable: First, in the presence of a segue

query outputs. We describe how values of these parameters gf aggregate operators, the first aggregate in the sequance ¢
assigned in Section 3.2. not decide which windows to drop without considering the win-

The basic functionality o#VinDrop is to encode window dowing properties of the downstream aggregates. It has to not
keep/drop decisions into stream tuples to be later decoyled gnly preserve its own window integrity but also window in-
downstream aggregate operator/inDrop logically parti- tegrity of all downstream aggregates. Second, windowed drop
tions its input streand into time windows of sizev, noting ot only encodes window specifications into tuples, but can
the start of a new window everytime units. For every group also drop tuples under certain circumstances, which we call an
of B consecutive windowsWWinDrop makes a probabilistic early drop(discussed in Section 3.4). More specifically, tuples
keep/drop decision. Each decision is an independent BBrnoghat are marked with a non-positive window specification at-
trial with drop probabilityp. The decision for a window is tribute and that are beyond the timestamp range imposedeby th
encoded into the tuple which is supposed to be the windowgost recently seen positive window specification attribiate c
first (or starter) element, by annotating this tuple witkiadow be dropped nght away, without Waiting to be seen by a down-
specificatiorvalue, as explained below. stream aggregate. We would like such an operator to be placed

Each tuple has window specification attributevith a de- a5 early in the query as possible to save the most processing.
fault value of -1. This is a hidden attribute which is usedrinte By having a separate operator, we can move it further upstream
nally by the system for QoS management purposes. To allowram the aggregate. If the window drop logic was embedded in-
downstream aggregate to open a window upon seeing a certsiifle each individual aggregate, we would not be able to detach
tuplet, WinDrop sets the window specification attributeif and push it upstream. Lastly, we would like to avoid changing
toa positive timestamp value. This value not onIy indictites the original aggregate implementation to the extent pbs$it
a window can start at this tuple, but also indicates until whicBasy deployment of our technique. With windowed drop, the
timestamp value the succeeding tuples should be retairtad in Oniy Change needed to the aggregate code is the addition of

stream to ensure the integrity of the opened window. To disahe decoding logic to interpret window specifications anteata
low a downstream aggregate from opening a window upon sefto tuples (see Section 3.3).

ing a tuplet, WinDrop sets the window specification attribute . .
of t to 0. Table 1 summarizes the semantics for the WindO\:/gv'2 Handling Multiple Aggregates
specification attribute. There are two basic arrangements of aggregates in a query
When a tuplé is received by an aggregate, aggregate exarietwork: (1) a pipeline arrangement, (2) a fan-out arraregem
ines the window specification attribute and skips windows thdgéble 2 summarizes the rules for setting windowed drop pa-
are disallowed. As a result of this, we save system resources@meters for these two arrangements. Any query network can
multiple levels: be handled using a composition of these two rules. We now
] ] ] discuss how we derived these rules in detail.
e When a window is skipped, aggregate need not open apgheline Arrangement of Aggregates. When there is a se-
maintain state for that window. quence of operators such that each operator’s output isifed i
e Aggregate does less work upon seeing tuples that arrimeother one, we call such an arrangemepipeline arrange-
immediately aftet because there is one less open windownent First consider the simple case where there is a single
that those tuples can contribute to. aggregate operatot. We would like to place a windowed drop

o Less state means less memory usage. D in front of A. Given an aggregate operatd(7,w, ¢, F),
in order to dropp fraction from the output of4, we insert a

e When aggregate skips a window, it produces no outpyt. yowed dropD(T,w, 6, p, B) at A's input*. Note that the

for that window, Fhefeby reducing the data rate and S&jrst three parameters @ are directly inherited from so that
ing from processing in the downstream subnetwork.

D can partition the input stream into windows in exactly the
The last effect could also be achieved by insertinguadom same way ast would. Then it decides which of those windows
drop[20] right after aggregate. As such, it is not purely a corshould be dropped.

tribution of the windowed drop. However, itis importanttonote  To generalize, assume that we have aggregates,
that in the presence of multiple aggregates in a query, alsimpli(wi, d;, Fi), 0 < i <= k, pipelined in the order of*. We
iandom drop ,COUld Only be placed after the very last aggmga[ 4We do not showS when the input stream is clear from the context.

in the query in qrdgr .tO guaramee subset results. Windowedsgom here on, we drop tHE parameter from both aggregate and windowed
drop removes this limitation and can be placed upstream fradrop; simply assuming that windows are commonly defi ned on.time




| Aggregate arrangement | Parameters fob

Pipeline: k
WinDrop Aggregate Aggregate | p | @ = 2imwi — (K= 1)
- A A F— 0= 5k
D [ 1 —— — k
(w1, 61, F1) (wy 61y Fi) B
Fan-out:
Aggregate B w = lem(8; 5k)
A L Yo
(W 51 F) + max?_ {extent(A;)}
. some poe s :
WinDrop non-agaregat whereexztent(A;) = w; — 0;
R D E— . —
operator Aggregate B, ?3 _lcm((gl’ cee 6k)Bi
Ay, I = mlni:l{7Icm(61,...,6k)/61, }
(Wks Oks Fie)
Table 2. Rules for setting Windowed Drop parameters
would like to dropp fraction from the output ofi;, by placing p, a window slide of Icnfdy,...,d;) and a window size of
awindowed dropD(w, 4, p, B) in front of the leftmost operator Icm(dy, ..., dx) + max(extent(Ay),...,extent(Ay)) where
in the pipeline denoted by, in Table 2.D must have a slidé  extent(4;) = w; —d;. 6 = lcm(d, ..., dx) represents the low-

that is equal to the slide of the last aggregétein the pipeline. est common multiple of slides of all sibling aggregates, ee-

The reason for this is thaiy, is the last operator that partitionsery § time units, all aggregates start a new window at the same
the stream into windows and produces one output eyetime  time point. Assuméd’ to be such a time point where all aggre-
units. Droppingp fraction from A;’s output requires that we gates meet to start a new windowztent(A;) represents the
make a drop decision once eveéiytime units. Furthermord) number of time units thad; needs beyond in order to cleanly
must have a window size which will guarantee the preservatiaose its most recently opened windad; must have opened a

of all tuples of a windowlW whenW is kept. If we only had window atT'—§;, because it's next window will be starting’at

Ay, the window size would simply be;,. However, there are Therefore, its extent beyoridis w; — ;. We take the maximum

k — 1 aggregates precedingy, each with its own correspond- of all the aggregates’ extents so that all aggregates canlgle
ing window of tuples to be preserved. To be on the safe sidepse their open windows. As a result, the logical window that
we consider the following worst case scenario: To produce amcapsulates all aggregate siblings must have a window &ize o
output tuplet,,, with timestampmn, Ay needs outputs afl,_1  w =Ilcm(dy,. .., o) + max(extent(Aq),. .., extent(Ax)). In

in the rang€t,,, tm+w, ); Ax—1 in turn needs outputs o,  other words, window slidé is formulated such that each time
inthe rang&t,,, tm+w,+w,_,—1); @nd so on. Finallyd; needs D slides, it positions itself to where all of the aggregatas
outputs ofA; in the rang€ft,,, ty4w,+...4ws—(k—2)) @and A;  throughA; would attempt to start new windows. Window size
needs stream iNpuB,., 4w, +... 4w, — (k—1)) i Order to guar- w is formulated such that when a keep decision is made, enough
antee the desired range. Therefddehas to preserve a window of the range is kept to preserve integrity of all of the aggteg’

of sizew; + ...+ w — (k — 1) whenever it decides to retain awindows. The example in Figure 2(b) illustrates this rule.
window, which forms its effective window size. Note that this  Finally, the batch size foD, i.e., the maximum number

is a conservative formulation, based on the worst case whgfconsecutive windows tha can drop is the minimum al-
each aggregate’s window slide is such that the last timestamved by all sibling aggregates. Note that we need to scale
in a window opens up a new window. As such, it is an uppefach aggregate’s batch sidebefore computing the minimum.
bound on the required window size fér. Finally, the batch This scaling is required because, wherslides once4; slides

size paramete of D is assigned as specified by the output agem(s;) /6; times. Hence, lcifd;)/d; consecutive windows for
plication connected to the pipeline. The example in Fig{eg 2 A, translates to 1 window fab.

illustrates this rule.

3.3 Decoding Window Specifications
Fan-out Arrangement of Aggregates. An operator whose

output is shared by multiple downstream branches, is called Table 3 summarizes how an aggregateith window sizew

a fan-out arrangement When there are aggregates atlecodes the window specifications coded by a preceding win-
child branches of a fan-out, we need a windowed drogowed drop. First assume thdtreceives a tuple with times-
D which makes window keep/drop decisions that are comtampt and according to slide ofl, a new window has to start
mon to all the aggregates. Assuniesibling aggregates att (upper half of Table 3). If the tuple has a positive window
Ay (wi1,61,F1)s -, Ak (wi, Ok, Fi), as in Table 2. A com- specificationr, then A opens a new window with a window
mon D for all aggregates would have a drop probability ofpecification attribute of — w — 1 (i.e., when this window



w=3,0=2123456789101112

w=36=31 3.5 .7 9 11

1 4 7 10

Windowed drop:

w=506=31234567289101112.

1 4 7 10

(a) Pipeline example

Figure 2. Illustration of aggregate arrangement rules

| win_start? win_sped keepuntil | relevant action

yes T within | open window
keepuntil=7—w-1
win_spec=r —w —1

yes T beyond | open window
keepuntil=7—w-1
win_spec=r —w —1

yes 0 within | open window
keepuntil =t + w

yes 0 beyond | skip window

yes -1 within | open window
keepuntil=t + w

yes -1 beyond | skip window

no T within | keepuntil=7—w—1
win_spec =r —w —1
mark as fake tuple

no T beyond |keepuntil=7—w—1
win_spec =r —w —1
mark as fake tuple

no 0 within | mark as fake tuple

no 0 beyond | mark as fake tuple

no -1 within |ignore

no -1 beyond |ignore

Table 3. Decoding window specifications

common start

\

extent(Az) =0
|

| |
wy = 3,0, = :}—\ 4 \Y/\l}_\ TN
1 3 7 0 1112 ...
W1—3,51: ! !
'L 3 5 7:
|

(R

extent(Ar) =1
Windowed drop:

w=7,0=6 23456789 101112 ..

(b) Fan-out example

(Numbers indicate tuple timestamps.)

use it. The two important specifications arand 0, former in-
dicating opening of a window and latter skipping of a window.

If the specification is -1A does not need to do anything. If
the tuple has a positive window specificationA updates the
timestamp range it has to maintain and also updates the window
specification of the tuple. In both of the non-negative cades
marks this tuple as fake tuplei.e., a tuple which has no real
content but only carries window specification value that may b
significant to some downstream aggregates. Such tuplessshoul
not participate in aggregate computation and should beysole
used for decoding purposes. As a related note, a query network
may have other types of operators between a windowed drop
D and the downstream aggregates which will decode window
specifications o). We must make sure that window specifica-
tions survive through such operators. For example, assohate t

a filter decides to drop a tuptefrom the stream since this tu-
ple does not satisfy its predicate tlis carrying a non-negative
window specification, then we must marlas a fake tuple and

let it through the filter becaugeis carrying a message for the
downstream aggregates.

3.4 Early Drops

In this section, we discuss opportunities for early drops by
windowed drop operators and how the batch size parangeter
is used to support early drops.

Definition 1 (Window Count Function (WCF)). Consider

closes and produces an output tuple, the window specificatiBrSireams, which has possibly an infinite number of tuples
of this output tuple will ber — w — 1). A also makes sure that which are partially ordered in increasing order of thelr tisre

all successive tuples with timestamps uprte- w — 1 are re- 1amps®. Assume that the very first tuple & has a times-
tained in the stream. If the tuple has a non-positive (i.exr 0 tamp off. Consider a windowed aggregate(through which

-1) window specification, thed checks ift is within the times-  the streams flows), with window size> and window slidey,
tamp range that it must retain. If so, a new window is opené’ﬁherew >0, w=mx0 + o,m > 1,6 < 6. We Qe-
with the same window specification and the keep range is setltd¢ & Window Count FunctioW’C'F' : Z* — N, which
t+w. If not, A skips this window. Now assume thatreceives Maps agiven tuple timestamp to the number of consecutive win-
a tuple with timestamp where A does not expect to open adows to which tuples with the given timestamp would beldng:

new window (lower half of Table 3)A will not open any new
window. However, it has to still maintain the window specifi-
cation attribute in the tuple for other downstream aggregate

6Timestamps are represented as non-negative integers.
"Note that each tuple belongs to at least one window whenw.



i+1, ifteld+ixs, 4 Extensions

O+ (i+1)*6—1] 4.1 Multiple Groups
where0 < i <m Windowed drop operator takes an additional paramgter
m+1, ifteld+ixd, denote the group-by attribute. Thus, it recognizes suéstse
WCF(t) = O+ (i—m)*0+w—1] for each group and makes window keep/drop decisions on each
wherei > m separately. Windowed drop uses the samé, 7 parameters
. - on all groups. However, theandB parameters may have to be
m, iftelo+(i—m)*d+w, assigned differently for each group.
0+ (i+1)x06—1] First of all, some groups may be more important than others
wherei > m and therefore they may have more strict QoS requirements. For

) example, given an aggregate which computes the average price
Note that the first case only occurs once at the start of the |12t 1 hour's stock prices grouped by company, the ap-
stream. Thereafter, the second and the third cases oc@atrep i i may have defined loss-tolerance to Company A uple

eo_IIy one after the other. When the aggregate_window Is turgy be smaller compared to Company B tuples. Besides, the ap-
bling (i.e.,w - 5).’ t_hen _the second case has a tlm(_astamp rangﬁcation may not want to miss more than 5 output tuples in a
length of O, i.e., it is skipped. Also, the first case is equinal

. . . X row for A, whereas it may tolerate to miss upto 10 consecutive
to the third case since = 1. As a result, for tumbllng window tuples for B. Hence, we need to extend windowed drop to have
aggregatesWCF(t)' = m = 1forall tuples (i.e., each tuple a separate drop probabilipyand batch siz# for each group-by
belongs to only 1 window). value. Secondly, even if the groups have the same QoS, group
Rule 1 (Early-Drop Rule). If a tuplet with timestamp,,, be-  typles into an aggregate may be arriving at different rates-
longs tok windows, i.e. WCF(tn) = k, thent can be early- ng different selectivities and contributing to CPU loaddft
dropped if and only if the windowed drop operatbrdecides  ferent amounts. Therefore, shedding different amountead |
to drop all of thek windows that the tuple belongs to. from each group may be more optimal. As a result, our basic

If D flips a coin every time it observes a potential windovPProach can be easily extended to handle multiple groups by

start and decides to drop that window with probabilifthen o ajlowing an output application to define separate loss-

for an early-dropD has to flip the coin fok consecutive times, tolerance QoS function and batch size for each group,
which has probabilityp. Unlessp is a big number ot is

a small number, then the probability of an early-drop is very *
small. Instead, to take advantage of early drops, we sudugest t
following (more deterministic) drop mechanism: As part of its e computing separate loss/gain ratios for each group and
loss-tolerance QoS function, each query specifies a conStant  treating them like independent drop locations when gen-
for the maximum number of consecutive windows that can be erating drop insertion plans,

shed. Given a drop probability, D flips a coin and drop 4 keeping track of group statistics along with operators’.
consecutive windows with probabilify Based on the window

count function C'F', dropping3 consecutive windows trans- The rest of the algorithms can be applied in the same way within

allowing a windowed drop to accept separat@nd3 pa-
rameters for each group,

lates to a certain range of early drops. each group.
For the pipeline arrangement, as we pldaefurther up- 4-2 Count-based Windows
stream, the gap betweanandj widens and hence: grows. We have so far assumed time-based windows for aggregates.

In this case, more consecutive windows must be dropped \We now discuss the extensions to handle the count-based ones
achieve early drops. The overall drop percentage is stdean  When windows are specified in terms of the number of arriv-
our control (due tg), but we have to sacrifice more contiguousng tuples, the windowing attribute becomes redundant. How-
drops, which may be undesirable for some applications. Sogber, for uniform treatment of both windowing schemes and to
an application defines it8 small, there is no point in pushing simplify the tuple counting process, we could replace thesim

D further than the earliest aggregate in the pipeline as aggtamp attribute with a tuple-id attribute. In this case, egoéra-
gates can still benefit from window drops regardless of if atwr must renumber tuples that it outputs. Also, positive wimdo
early-drop is possible or not. specification attribute in Table 3 now refers to the number of

For the fan-out arrangement, the window slidgets larger tuples to be preserved (or in case of tuple-id's, an id range)

across a split. This means that when a window is dropped dfther than a time range. _ _
stream from a split, in fact, more than one consecutive window Although the fan-out arrangement rule in Table 2 directly
may get dropped downstream from the split. We need to maﬁgpllgs tp count-based windows, a m.0d|f|cat|.on is required to
sure that this does not exceBdiefined at the outputs. Table 2€ Pipeline arrangement rule. The window size parameter for
shows how this is achieved by appropriately scahgAs in across a plpelilfle of aggregatesinlust be modified as

the pipeline arrangement casge must be placed at the earliestws * izt 0i+>_;— (extent(A;) [1;=: ¢;), and the window
point in the query network, not violating the constraintshn  slide parameter fob must be modified aé = Hle 0;.



There is an additional problem with count-based windowdrop sufficient amounts from these groups in increasingrorde
when filters and unions are involved. A filter may remove tuef their ratios until expected memory consumption dropswel
ples from the stream when its predicate returns false on thei.. Here, loss refers to QoS utility loss at outputs whereas gain
This would cause its downstream aggregates to count tupées irefers to total memory gain. As a result, our approach can be
differentway than a windowed drop operator upstream from theasily adapted to memory-constrained environments by a sim
filter. Similarly, a union merges two streams into one. Thergle change in load formulation. An important point is thatreac
fore, a windowed drop counting tuples upstream from the uniaggregate and each group within an aggregate may have differ-
would do it in a different way than an aggregate that is dowrent contribution to the overall memory consumed to due to its
stream from the union. In both cases, window integrity wouldindow, function, and input characteristics (e.g., hadi$tinc-
be lost. As a result, under the count-based windowing modéipn on a time-based window with unbounded number of groups
windowed drops must never be placed across filters and uniorequires more memory). Therefore, memory gain per window
dropped from each group may frequently change and this has to
be reflected on the drop insertion plans for optimal load shed

We have primarily considered CPU-limited environments sging. It is a future work item to investigate load sheddingim
far. However, high data rates or other characteristics oftinpyironments with simultaneous overload on multiple resosirce

streams may congest other system resources, too. For examgle. CPU and memory overload occurring at the same time).
windowed operators in general have high demand on memory.

Memory requirements for queries over data streams have Evaluation
been characterized in recent work, where queries are classi-This section presents a theoretical and experimental avalu
fied based on whether they can be evaluated using boundieh of our approach.
memory or not [2]. Bounded memory computable queries res 1
quire bounded memory independent of the input characteris-
tics. This work shows that an aggregate query can be computed ~ _______
in bounded memorypnly whenthere is no aggregate expres-

4.3 Memory-constrained Environments

Load Analysis

. . .. . . : WDrop | : RDrop |
sion with holistic function on an unbounded attribute andgve o L op
grouping attribute is bounded. (“”’p) L 1
In this section, we assume a system with enough CPU to : ‘
; : : y ‘
handle mput r'a'tes, but a fixed amount of memardywhich SUBNET] AGG(. D) V' [sUBNETS 5
may be insufficient due to a large number of aggregate oper- cost costs costs
ators, each with a large number of simultaneously open win- sely 1 sely 1 sels

dow states. We briefly discuss how our load shedding approach
could be utilized to handle memory overload in such a system. Figure 3. Inserting drops into an aggregation query

Since we assume that there is no CPU overload, i.e., tuples
are consumed as fast as they arrive, queue build-up at operain this section, we analyze how much CPU cycles are saved
tors is not a concern in terms of memory. An aggregate, withy a Windowed Drop versus a Random Drop. Consider a
window sizew and window slidej has at mosf4 | open win- query network as in Figure 3, where an aggregate with win-
dow states per group at any given time (see WCF defined dow sizew and slideé is present between two subnetworks
Section 3.4). If aggregate functiondséstributive (e.g. SUM), of other non-aggregate operators, whose total costs and se-
a window state is occupied by a single scalar value, which lectivities are as shown. The CPU cycles needed to process
the aggregate value based on the tuples seen so far (eg., ome input tuple across this query network can be estimated as
rent sum). If aggregate functionddgebraic(e.g. AVERAGE), cost1 + sely x (costa + sela x costs). If the input stream has a
a window state consists of a synopsis of the tuples seen so ffate of R tuples per time unit, then the CPU load as processing
(e.g., current sum and count) from which the final result cacycles per time unit is:
be computed. In both cases, a window state consumes a fixed. = R * (cost1 + sely * (costa + sels * costs))
amount of memory. However, if the function lelistic (e.g. If a Random Drop were inserted downstream from the aggre-
MEDIAN), then a window state may be unbounded under thgate operator, the CPU load would become:
time-based windowing model as the number of tuples arriving Lrprop = R * (cost1 + sely * (costa + sela * (cost pprop~+
during a window period may be arbitrarily large. Assume that (1 —p) * costs)))
a window state takes ypamount of memory. If the aggregateThe CPU cycles saved as a result of this would be:
has seemy groups so far, then the maximum total memory con- Sgprop = R*(seli*selaxpxcosts—selyxsela*costRprop)
sumed by that aggregategs« [ ] + . Droppingp fraction Instead, if a Windowed Drop were inserted at the query input,
of the windows from a group would reduce memory requirghe CPU load would become:
ments for that group by a factor pf However, as inthe CPU- Ly prop = R * (costw Drop + S€lw Drop * costi + selq*
constrained case, this would lead to QoS utility loss for that (1 — p) * (costa + sela * costs))
group. As before, we need to compute loss/gain ratios for eathe CPU cycles saved as a result of this would be:
group at each drop location (as discussed in Section 4.1) andSw p,op = R * (sely * sela * p * costs — costw Drop




(B-1)*xd+w _ range[t.timestamp, 7). In this caseA; delivers an output tu-

= pleo € A. WhenA; receiveg with a0 or —1 specification, it
w—0 B)*d—ww—10 does not open a window. In this cask, adds no output tuple
y ﬁz to the result. Therefored’ C A. Next, assume that the theo-
Keep Drop batch Keep rem holds forN = n. We will show that it must also hold for
window  of B windows window N = n + 1. We are given that a windowed drdp(w, ), with

w=>" w —(n—1)and§ = §,, inserted in front ofA,
preserves correctness. Consider a windigvat A; with a time
range of[T, T + w; — 1], when processed produces an aggre-
gate output with timestanip. Any aggregate downstream from
Ay, thatincludes a tuple with timestarfipin its window effec-
tively incorporatess values with timestamp up t6 + w; — 1.
Therefore, if D’ is placed in front of4,, its effective window
size must include this range to preserve window integrity. As

result,D’ must have a window size af = w+w; — 1 =
n%?:lwi —n=-1)4w—-1= Z?:Jrllw,; —(n+1-1). This
proves our window size formulation for a pipelinerof 1 ag-

Let us now briefly show how Wdrop’s tuple selectivitygreg"’ltes as gi_ven in Table 2. Finally, in order to prOdl.JCSSUb
selw prop Can be estimated. For simplicity, we will assuméesuns‘ the windowed drop must produce results eifigr;

. . ) . )
a stream with one tuple per timestamp. We drop windows %partor in multiples of this quantity. Therefore, must have a

batches of sizés. By definition, each drop batch must be preyvmdOW slide of¢” = 4,1 This concludes the first part of our

ceded and followed by at least one keep window. The totgrOOf' The part for.the' fan-out case follows a similar inaueti
number of tuples in a batch {$ — 1) + 6 + w (see Figure 4). reasoning. We omit this second part due to lack of spacél

Given a drop batct2 x (w — §) of its tuples overlap with the pre- .
ceding and the following keep windows, therefore the numbé’3 Experiments

of tuples that belong only to the drop batch{+ 1) + 6§ — w. In this section, we first verify that the Windowed Drajyig-
These are the tuples that can be early-dropped. However, @®p) approach achieves less QoS utility loss compared to the
tuple out of every tuples may have to be retained as a fake tURandom Drop RDrop) alternative. This is a result that di-
ple since it carries a 0 window specification. Therefore, thgctly follows from the load analysis presented in Sectidn 5.
number of tuples that can be early-dropped is estimated &wscondly, we show how WinDrop’s performance changes with
(B+1)*0—w— L(B“)%J = (B+1)x6—w—(B+1)+|%]. changesin some of the query parameters. Finally, we compare
This many tuples out of a total ¢85 — 1) = § + w can be early- our window-aware approach to an alternative window-ignorant
dropped and this would occur with probabiligy Thus, we can approach TupleDrop) using a well-known metric from infor-
estimatesely prop as: mation retrieval. We show that our approach always achieves
selw prop = 1 — m *((B+1)xd—w—(B+1)+|%]) perfectprecision while sacrificing fromrecall. However, on

Generalization of this analysis to query networks with mora@ measure that weighs precision and recall equally, WinDrop
complex aggregate arrangements is left out from this paper doutperforms TupleDrop in most cases. Furthermore, our ap-
to space considerations. The basic idea is similar. proach scales well as windows get larger, which the alternative
approach fails to handle.

In what follows, we first briefly describe our experimental
Definition 2 (Correctness). A drop insertion plan is said to be environment; then we present our results.

Figure 4. Drop batch

+(1 — selwprop) * costy
+sely * p x costa)

If we compareSgprop With Sy prop, We see thabyw prop
has two additional savings terms. It is guaranteed to sawe fr
the aggregate operator’s cosb{t,) with an amount propor-
tional top. Secondly, it may save an additional amount fro
the first subnetwork’s costqsti) whenselw prop < 1, as a
result of early drops.

5.2 Correctness Analysis

correct if it produces subset results at all query outputs. Experimental Setup. To experiment on our load shedding al-
Theorem 1. Windowed Drop inserted aggregation queries pregorithms, we have built an Aurora simulator on CSIM [17].
serve correctness. This program uses CSIM facilities for process and event

scheduling. The rest of the data structures and algorithims a
Proof. The proof for this theorem has two parts, one for eadimplemented in almost the same way as in Aurora. CSIM en-
aggregate arrangement. We prove each by induction. Consi@bles us to practically play with performance factors like op
a pipelineP of N aggregates!;(w;, d;). Given a finite input erator costs, selectivities and input stream rates for xpee-
streamS, assume that the result 8f(S) is the set4, and the ments.
result for the windowed drop inserted versiorfis the setd’. We generated an input stream of 10,000 tuples as
ForN =1, D(w, ) isinsertedin front ofA; suchthatv = wy, (timestamp, value) pairs, whose values were chosen from an
§ = 61, andw = m * & + ¢. Everyd; time units,D marks a integer range of0, 100] in a random fashion. Timestamps are
tuple ¢ as either keepr(, wherer = t.timestamp + w), or ordered integers, assigned at the source, with one tuple per
drop (0). WhenA; receives with specification ofr, it opens timestamp. Various levels of CPU load are obtained by chang-
a new window att.timestamp and retains all tuples in time ing tuple inter-arrival times.
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For each query output, we generated loss-tolerance QoS bescause it can only save CPU cycles at this portion of theyquer

piece-wise linear functions with two pieces. This is achievep € graph n Flgure 5 shows two curves foreach algorlthm,_ one
o . : or window slide of 1 and another for window slide of 6. Win-
by randomly picking a utility value: in the range[0.3, 1.0]

and then a percent delivery valpen the range[30, u % 100]. Drop achieves obviously less utility loss compared to RDrop

Hence,(p, u) formed the turning point between two linear func—EDbrgth ;s?sseeri.ialllt agfg Csiet?)ri:fs trlTOIree dgéﬁ:;fug g‘nagvzﬁggg'
tion pieces. Generating QoS this way also guaranteed a concave P y P P Y

o i 0 -
shape. This is required so that slope of the function for @re p evel of about %70, whereas WinDrop drops to about 50% tu

. . ple delivery at the same overload level.
cent delivery rangép, 100] is not larger than that fqp, p]. An interesting result is due to the effect of window slide.

We used different query layouts for experimenting on diftsjen an aggregate with a fixed window size, if window slide
ferent aspects of our algorithms. In addition to aggregaves i, eases, then both the per-tuple cost of the aggregatitsand
used map operator in these queries. We essentially used m@p.civity decrease. The reason for lower cost is that de sli
to represent a subnetwork rather than a single operator.sWe Rcreases, aggregate has less number of simultaneousty ope
signed it different cost values to represent relative gqﬂnm windows, hence ncr of the aggregate function needs to be
part of the query network. Map always has a selectivity of 1.0, 164 fewer times upon new tuple arrival. The selectivigoal
as it produces one output tuple per input. Below we show Ol reases because it is proportional {6, as aggregate opens
results together with these different query layouts. one new window every time units and produces one output
Experimental Results. For our first experiment, we used afor each such window. Increasing slide not only results in a
query layout as shown at top of Figure 5. An aggregate oguery with reduced CPU requirements, but also the subnetwork
erator lies between a subnetwork of unit cost and another oféwnstream from the aggregate constitutes less fractiomeof t
which is 10 times more expensive. We fixed aggregate’s wifotal query cost. Consequently, as slide increases, RDrsp ha
dow size as 6, and varied its slide. We used AVERAGE a8 shed more load to be able to save the required CPU cycles.
the aggregate function. The output batch sizés set to 6, This is clear from our result in Figure 5, where with slide of 1,
which enables early drops for any value of slide and providggDrop performs much better than the case with slide of 6. On
an allowance to shed load down to about 15% of the outpyhe other hand, WinDrop performance is not affected from the
We used a loss-tolerance QoS function whose turning pointdfange in window slide.

(40,0.75), i.e., utility drops linearly from 1.0 to 0.75 when %  Our second experiment is to show the performance bene-
tuple delivery drops from 100 to 40 (and then again drops mofs achieved due to early drops enabled by dropping batdhes o
steeply from 0.75 to 0 when % tuple delivery drops from 40 tgonsecutive windows. For this experiment, we used the query
0). Our goal is twofold: (1) to show how WinDrop and RDropjayout shown at top of Figure 6. It is the symmetric version

perform in terms of utility loss as input rates (and hence CPk¥ the earlier query layout. We purposely used a costly map
load) increase, (2) to show how this performance is affectgghstream from the aggregate because that portion of thg quer
when aggregate’s window slide changes. would benefit if tuples were early-dropped by a Windowed

When CPU load is over 100%, WinDrop inserts a WindoweBrop placed at the query input. We set aggregate’s window
Drop at the query input. Under the same condition, RDrop irsize to 6 and window slide to 2, i.e., early drops are possible i
serts a Random Drop between the aggregate and the costly nfap: 3, asW CF'(t) = 3 for any givent.

We purposely used a costly subnetwork downstream from the As we increase the batch size, Windowed Drop gets more
aggregate in order to give the RDrop algorithm an advantagegportunities to early-drop tuples. As a result, we expedat it t
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f-measure

achieve less utility loss. The result presented in FigurerBies
this expectation. A$ is increased from 3 to 6, excess load is
shed with losing less QoS utility. The effect becomes more
clear at higher overload levels.

As a last set of experiments, we compared WinDrop against 120 140 o coul 130 180 200
. . . . .. Cpu loa
a TupleDrop approach. This approach, similar in spirit to the F-Measure ve Load (W=4, S=4)

approach in a recent related work [3], drops individual ¢spl 1 ‘ ‘ ‘ ‘
rather than complete windows and performs this upstream from Winbrop e
an aggregate. Therefore, the approximate result it praduce °%8f

does not guarantee a subset of the real answer. Rather, false
positives are highly likely. Such approaches use relativere
as their evaluation metric which is different from our evaiom :
metric based on the result set size. To be able to compare our %4
approach to such an approach on a common ground, we used
an evaluation metric often used in information retrievalled
F-Measurel4]. F-Measure is the harmonic mean of recall and

0.6

measur

0.2

precision. Translated into our context, recall corressotad %00 120 140 160 180 200
the fraction of the correct result tuples returned in rafeeeto % cpu load
the exact query answer; precision is the fraction of the cbrre Figure 8. F-Measure

result tuples returned in reference to the approximateyogrer
swer. Figure 7 graphically illustrates what we mean by recall
and precision. F-Measure equally weighs recall and pregisiduilt, including Aurora [1], STREAM [18], and Telegraph [8].

as: Efficient resource management, adaptivity, and approximat
F= 2 have been the points of emphases in these works.
Reiall + Preclision Load shedding for aggregation queries over data streams has
High F-Measure value indicates that both recall and precisi®®€n the subject of recent work by Babcock et al [3]. When
are high. time to process tuples that arrive in unit time exceeds 1 ran

For this experiment, we used the query layout as shown ggm drops are inserted into query trees so as to minimize max-
top of Figure 8. We ran WinDrop and TupleDrop for increasingnum relative error at outputs. This is achieved using stiati
load levels and for different window sizes for the aggregiate. €@l bounds, based on mean and standard deviation statistics
used the same slide as the window size (tumbling window). Wdlding window of tuples received by aggregates. Our approach
show two graphs in Figure 8 for the cases= 2 andw = 4. always produces §ub§et results to minimize QoS utility loss,
WinDrop always achieves full precision since there are ngefal h€nce our approximation model is quite different. Morepver
positives. As load increases its recall drops. TupleDropslos&ince we preserve window integrity, our approach can handle a
both from precision and recall as load increases. When windd@Pre general class of aggregation queries. The proposed wor
size is increased, TupleDrop is less likely to produce corre@lY applies to query trees, with a single aggregate opesator
results. Because, to avoid an incorrect result, it museekaep the leaf level. Also, the statistical bounds apply to onlyna-li
all tuples in a window or drop all of them. Since drop decision$ed Set of aggregate functions whereas our approach is inde-
are made per tuple, the chances for this is highly unlikely &endentof the actual aggregate functions. Lastly, thiscaah
windows get larger. This can clearly be seen in our resuldaeavily relies on window statistics. .Sliding Wipdow statisti
WinDrop delivers higher score results for most of the cases afe subject to frequent change. This would directly afflet t

its performance does not degrade with increasing window sizZ&tistical bounds, often invalidating the load sheddiolicies
due to these bounds. Therefore, approaches that rely heavil

6 Related Work on window statistics might incur high overhead in adapting to
There has been a great deal of recent work in the area of dat&nges.
stream processing [14]. Several research prototypes tere b Load shedding for sliding window joins in memory-limited



environments have also been studied [9, 16, 19]. Our approawttworks to a large number of machines of varying computa-
mainly considers CPU as the limited resource although it cdional capability (sensors, servers and everything in betje
easily be extended to the memory-limited case as describledthis case, load shedding requires that nodes cooperate in
in Section 4.3. Similar to our approximation model, the atitechoosing where and how much load to shed. A downstream
works produce subset results. The goal in these works is to abde will often request that its upstream nodes shed a certain
ther produce maximum subsets or sampled subsets, whereaswm®unt of load on its behalf. That request can be further sub-
determine relative subset sizes based on QoS specificationsdivided and passed (in part) upstream. Thus, we are beginning
Punctuations are special annotations embedded into datanvestigate heuristic approaches to thgributed load shed-
streams to specify end of a subset of data in the stream [2d]ng problem.
They are devised to overcome the blocking and unbound%ferences

memory problem in stateful stream operators. As such, punc-
tuations constitute an alternative to windowed processing. ouH
work is relevant to punctuations in the way we attach window

D. J. Abadi, D. Carney, U. Cetintemel, M. Cherniack, C. Con Lee,
M. Stonebraker, N. Tatbul, and S. Zdonik. Aurora: A New Model and
Architecture for Data Stream Managemevit.DB Journa) 12(2), 2003.

indicators into stream tuples. Although both approaches anz] A. Arasu, B. Babcock, S. Babu, J. McAlister, and J. Widom. @loter-

notate streams with additional information that is imporian
terms of optimizing query execution, their goals are quife d 3]
ferent. Furthermore, in punctuations case, annotatiatisate
some property that naturally exists in the stream, whereas ig]
our case window specifications are artificially generatedpec
with overload. It would be interesting to investigate how our
window-aware load shedding idea could be used under a win-
dowing model based on punctuations.

Lastly, approximate query processing techniques have lon§!
been studied both for traditional static data sets and coatis
data streams [11]. Former techniques mostly rely on precoms]
puted data synopsis whereas latter approaches construct one
pass summaries as streams arrive. Online aggregation 5] i8]
somewhere between by interleaving sampling with query eval-
uation, on stored data. In addition to samples, synopsitatan
the form of histograms [12], sketches [10], or wavelets [, 1
In majority of the existing work, aggregate approximatiens
in the form of non-subset answers. To our knowledge, no pre-
vious work has studied window behaviors in depth to perform
subset approximations on sliding window aggregates. (11]

7 Conclusions

In this paper, we have shown how our previous load shed-
ding work can be extended to deal wigtiding window ag- [13]
gregateoperators. Moreover, we have done this in a way that
preserves thao false positiveguarantee of our previous work. [14]
Ourtechniques also support load shedding in networks in which
aggregates can be arbitrarily nested. We believe thatshisry [15]
important since, in our experience with Aurorgser-defined 16]
aggregateshave been used extensively in practice for mang/
tasks that involve operating on a subsequence of tupless, Thia7]
they occur quite frequently in the interior of networks. $hu
our contribution is the ability to handle aggregates in ayve
general way that is consistent with our previous error model.

We have shown that, as is expected, with the added ability to
push drops past aggregates, we can recover more load earfft:;
thereby, regaining the processing cycles that are needdd whi,,
minimizing the average utility loss. By focusing olnopping
windows we can better control the propagation of error through
the downstream network. [21]

Next, we intend to extend this work into the distributed set-
ting. Borealis, the successor to Aurora, attempts to mapyquer

(12]

18]
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