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Abstract work is based on this “no false positives” model. An alter-
nate approach to degrading the result is to emit nearly the
same number of values, each of which might be inaccurate.
The trick is to ensure that the errors are bounded by some
amount. This is the approach that was taken in recent work
[6]. This model is reasonable as well. It is an application-
level decision as to whether it is better to have all values,
some of which may be inaccurate, or fewer values, all of
which are accurate. Thus, the mentioned approach [6] is
complementary to the approach taken here.

Let’s consider some examples for which no false positives
makes sense. In many cases, the output stream is a sequence
of updates. Each new tuple updates the previous one. For
example, for a query network that produces 1-second tem-
perature averages, a missing value will be corrected when
the next one is received one second later. Losing a tuple
increases the staleness of the previous report; however, fo
slowly changing variables, this might not be so bad. As a
second example, consider the case of a distributed, multi-
player game. A stream processing engine could be used as
the publish/subscribe engine that distributes eventstés-in
ested client machines. Itis important for the play of the gam
that positions of players and weapons be reported accyratel
1 Introduction An error in a position could cause the client program to sim-

Stream processing engines (SPEs) like Aurora [7, 10, 2 ate a f‘hlt" when one has not occurred. Thus, in this ex-
have been shown to be useful for many modern applicatiogéPle, it would be better to slow down the play (produce
that have very high input rates and that need low-latency rd€7KY” images) than to do the wrong thing.
sponse to a set of continuous queries. Applications that hav On the other handaggregateslay an important role in
this characteristic include network traffic monitoringdirs- many data stream applications. Often we would like to make
trial process control, and sensor networks. a computation on ranges of consecutive input tuples (a win-
Providing meaningful service even under system overloa@Pw). This computation could be in the form of a traditional
is one of the challenges for stream processing engines. \B&L-style function such as sum, count, average, min, max
assume that overloads occur as temporary bursts. If an ov@s Well as an arbitrary user-defined function. As a matter of
load is sustained, then the system is not provisioned proffict, UDAs have been supported by recent stream processing
erly, and an SPE will likely not be able to provide acceptabléystems [2, 19]. Moreovenestedaggregates as well aser-
guaranteed service. Under such bursty conditions, queuégfinedones have proven to be essential in various appli-
will build up, thereby seriously increasing the latency®f r cations from habitat monitoring with sensors to online auc-
sults. Thus, if we are to operate within the given latenc§ions, as exemplified in the Stream Query Repository [22].
bounds, there may be no alternative but to shed load by drokastly, the Linear Road stream data management benchmark
ping some tuples. Dropping tuples will produce an approx@lso includes such aggregation queries [4].
imation to the correct result. The goal then becomes to de- As a concrete example, consider the query network in
velop load shedding algorithms that remove an overload ardgure 1, that computes the number of times in an hour that
at the same time minimize the degradation of the result. IBM’s high price and low price in a 5-minute window differ
The load shedding problem has been studied earlier. Tay more than 5. Box 2 is a user-defined aggregate that col-
alternative approximation models have been used. Othects all prices for a symbol in a 5-minute window and then
model produces approximate answers by omitting tuplemmits a tuple that contains the difference between the high
from the correct answer [5, 11, 18, 21, 24]. In this modeland the low price. This stream is then filtered to retain dif-
all delivered tuples are guaranteed to be a subset of the “eerences that are larger than a given threshold, in this, case
act” answer. In other words, we never proddakse posi- 5. A downstream aggregate then counts these extreme price
tives This property is important since it allows the applica-differences. This kind of behavior can nest to an arbitrary
tion to rely on the tuples that it receives to be correct. Oudepth.

Data stream management systems may be subject to
higher input rates than their resources can handle. In
this case, results get delayed and Quality of Service
(QoS) at system outputs may fall below acceptable
levels. Load shedding addresses this problem by al-
lowing data loss in exchange for reduced latency. In
this paper, we describe a load shedding technique for
gueries consisting of one or more aggregate operators
with sliding windows. We introduce a sophisticated
drop operator, called a “Window Drop”. This opera-
tor is aware of window properties (i.e., window size
and window slide) of downstream aggregate opera-
tors in the query plan. Accordingly, it logically di-
vides the stream into windows and probabilistically
decides whiclwindowsto drop. This decision is fur-
ther encoded into tuples by marking the ones that are
disallowed from starting new windows. Unlike ear-
lier approaches, our approach preserves integrity of
windows throughout a query plan, and always deliv-
ers subsets of original query answers with minimal
degradation in overall QoS utility.



1 2 3 4 5 fined through a boxes-and-arrows-based dataflow diagram.

Filter Aggregate Filter Aggregate riter |, Each box represents an Aurora query operator and each
symbol symbol arc represents a data flow or a queue between the opera-
Symbol=TEM"  window =5 min diff > § window =60 min . count >0 tors. Common subexpressions can be shared across multiple
= = min . . .
diff = high-low count gueries by allowing multiple arcs to emanate from a box.
_ _ A stream is an append-only sequence of tuples with a uni-
Figure 1: An example aggregation query form schema. Queries are composed using the operators de-

Load shedding techniques devised so far have applié'@ed by th? Alrora Stregm QUery ALgeb“’?‘ (SQuAl) [2],
drops in units of individual tuples. Drops are implemente cluding F|Iter., Map,_Unlon, Aggregate,_ Join, BSort, and
as a specific operator, and this operator is pushed toward gs_ample. Briefly, Fllter applle§ a pr_edlcate to tuples_ and
inputs to avoid wasted work. A major limitation of this ap—re’[a”.]S those for which the predicate IS true. Map appl'les a
proach is that windowed operators such as aggregates eit ction to each stream element. _Umon merges two input
block the motion of such drops (e.g., drop must be place%‘reams into one. Aggregate applies a function on a win-
between 4 and 5 in Figure 1), or result in false positives i ow O.f t_uples. Join qorrelates tuples from two streams b
drops are pushed across them (e.g., [6]). Furthermore, ¢ within the same time bar_ld. BSortis an approximate sort
false positives (wrong answers) are produced through lo&iPerator- Finally, Resample is used to align pairs of steeam
shedding in the middle of the query network, it is difficult to __Aurora has a number of run-time components including a
understand how this error will propagate through subsequencheduler, a Storage Manager, and a Load Shedder. The
downstream operators. This further limits the query topolg>cheduler makes decisions about operator execution order
gies across which such drops can be placed (e.g., there ¢gh 1he Storage Manager is responsible for efficient stor-
be at most one downstream aggregate and it must be at e and retrieval of tuple queues on arcs between pperators.
leaf of the query tree). Finally, the L(.)ad.Shedder is responsible for managing over-

In this paper, we introduce a new approach which applid@2d due to high input rates [24]. . _
drops in units of windows (hence the term “window-aware”). Most of Aurora optimizations are driven by a Quality of
This approach never produces false positives and does mrvice (QoS) model. Query results are sent to external ap-
suffer from any of the problems mentioned above. It furtheplications for which a number of QoS functions are defined.
enables the placement of drops at early points in a queF)Pr each appllcatlon2 _these functions relate a charatiteris
plan (e.g., before Box 1 in Figure 1), maximizing the amoun@! the output to its utility. For example, a delay-based QoS
of processing saved while keeping the error under contrdtnction maps tuple latencies to utility values such that as
More specifically, in this paper, we study the problem of loaduPles get delayed, their utility degrades.
shedding for aggregation queries. The main contributidns o The Load Shedder component, which is the focus of this
our work can be summarized as follows: paper, continuously monitors CPU load of a running Aurora

qguery network. If an overload is detected, drop operators

e We propose a novel load shedding approach for aggrare inserted into the query network. These operators discar
gation queries which delivers subset results. This techuples based on a criteria linked to QoS specifications at out
nique is general enough to handle arbitrary aggregajfuts. The goal is to remove excess load from the system with

functions and multiple levels of aggregate nesting. minimal degradation in QoS.

e We mathematically analyze the correctness and perfor- We introduced this general notion of load shedding for
mance of the proposed approach. data stream management systems in our earlier work [24].

In this paper, we build on our previous framework to en-

able load shedding on queries with sliding window aggre-
gates. Our load shedding framework uses QoS specifications

The rest of this paper proceeds as follows: Section @efined at query outputs, various system statistics like- rel
presents an overview of models and assumptions underlyitige input rates, operator costs and selectivities to geaer
the stream processing environment that we consider. Oarstatic sequence of drop insertion plans. Each plan corre-
window-aware load shedding approach is presented in degponds to an overload level and gets activated whenever the
tail in Section 3. We present an experimental evaluation ¢fystem reaches that level. As load levels change, the load
this approach in Section 4. Section 5 summarizes the relatebledder adaptively switches from one plan to another. These
work in this area. Finally, we conclude in Section 6 outliin plans are generated to guarantee minimal utility loss;foe.
potential avenues for future research. any overload level, drops are inserted such that utilitg fos

2 Models and Assumptions gained cycles in return is minimized [24].

o . One important assumption of this load shedding frame-
The Wor_k presented in this paper s part 9f the Aurora streafory is that it always delivers subsets of query answers. In
processing system [2]._We first give a brief overview of Au'o her words, even though tuples get dropped, queries delive
rora with emphasis on its load shedder component, follow ‘ ’

by a detailed di . f model d " that lues all of which would also occur in the exact answer;
y a detaiied discussion ot models and assumptions that i ey vajyes are generated. As such, this framework has a
particularly relevant to the work described in this paper.

. major shortcoming when windowed operators are involved:
2.1 System Overview dropping individual tuples from streams does not guarantee
Aurora is a data stream management system for processisighset results when such streams are to be processed by win-
continuous queries over data streams [2]. Queries are dénwed operators. Windowed operators deliver subset sesult

e We experimentally show the performance of our ap
proach on a stream processing system prototype.



if and only if they operate on original windows as indivigbl utility
units. This observation led us to invent a new type of drop
operator, called &/indow Drop which is the main focus of
this paper.

2.2 Aggregation Queries

1.0

An aggregation querys composed of one or more aggregate 0.4)-------oon ‘

operators along with other operators. Aggregate operators |

act on windows of tuples. Before we define how an aggre- 0 1 % tuple
100 70 20 O delivery

gate operator works, we describe how we model its two im-
portant building blocks: windows and aggregate functions.

2.2.1 The Window Model
Data streams are continuous sequences of data records

Figure 2: Loss-tolerance QoS function

may have no end. Traditional set operations like join or ag- 'S atpplled. Aggrfegate or:Jtp_utg z?IWstream of tu(jp)lgs ?rf] the
gregate may block or may require unbounded memory prm (t,v, 9), one for each window¥” processedz is the

data arrival is unbounded. Most applications, however, res_mallest timestamp of the FUPIGSW’ uls the final aggre-
te value returned by thid nal function of 7, andg is

uire processing on finite portions of a stream rather th . . ;
?he wr?ole. Eacr?such excer;pt is calledrimdow Windows € V?‘.'“e of the group-by attribute(s) (skipped wigess not
can be modeled in various ways [16]. In Aurora, there argpecmed).

two ways to physically build windows: (i) attribute-based _A99regate’s window properties are defined by two im-
ortant parameterswindow sizew and window slided.

windows, and (ii) count-based windows. In the first cas h " be defined in t it i .
an attribute is designated as the windowing attribute (usus ese paramelers can be definéd in two afternative ways:

i) in units of the windowing attribut¢” (e.g., time-based
window), (i) in terms of number of tuples (i.e., count-bdse
épdow). According to the time-based windowing scheme,

%ﬁ‘tﬂ a sequence of windows on which the aggregate function

ally time), and consecutive tuples for which this attribigte
within a certain interval constitute a window (e.g., stoek r

ports over the last 10 minutes). Here, tuples are assum dow TV . ftupl h . i |
to arrive in increasing order of their windowing attributes 2 WINdOWl” consists of tuples whose timestamp values are

In the second case, a certain number of consecutive tuplgsS thanw apart. Whendggregate receives a tuple whose

constitute a window (e.g., the last 10 readings from the tepfimestamp is equal to or greater than the smallest timestamp

perature sensor). Additionally, Aurora useslaing win- in W *w, W has to be closeq. While denotes how large
dowmodel in which a window's endpoints move by a given® Window is and thus when it should be closédjenotes
amount to produce the next window. when new windows should be opened: Eveérimestamp

) units, Aggregate has to open a new window. We assume
2.2.2 The Aggregate Function that0 < § < w. Whend = w, we say that we have a
An aggregate functiotF takes in a window of values and tumbling window Otherwise, we say that we havesl&ing
performs a computation on therf. can be a standard SQL- window Tumbling windows constitute an interesting case
style aggregate function (SUM, AVERAGE, COUNT, MIN, because they partition a stream into non-overlapping eense
MAX) or a Postgres-style user-defined function (UDF). Aautive windows. In this paper, we will assume titatonsists
in Postgres, aggregate functions in Aurora have the foriwf a single group and windows are time-based. Extensions
F(init, incr, final), such that the nit function is to more general forms of aggregates are provided in [25].
called to initialize a state when a window is openieatr is 5 3 The Approximation Model

called to update that state whenever a tuple that belongsAo imat It f q ing tupl In A
that window arrives; antli nal is called to convert the state pproximate answers result from dropping tuples. In Au-

to a final result when the window closes. Note that. as wili°™& We shed load such that the total utility loss measured
soon become apparent, our approach is, in fact, independ the output is minimized. To be more specificloas-

: ; : tolerance QoS functiomaps the percent tuple delivery to
I f s > .
of the particular aggregate functions used in a query utility values (see Figure 2). The larger the percentage of

2.2.3 The Aggregate Operator output tuples delivered, the higher its utility to the refej
An aggregate operatotggregate(S,T,w, 0, F,G) has the application. In the case of a single query, minimizing tili
following semantics. Aggregate takes an input streai, loss corresponds to providing the largest possible suliset o
which is ordered in increasing order on one of its attributethe actual query result. In the case of multiple queries, the
denoted byZ, which we call thevindowing attribute If 7 load to shed from each is based on their (possibly different)
is not specified,Aggregate requires no order on its input tolerance to loss.
stream. In practice7 usually corresponds to tuple times- In addition to a loss-tolerance QoS function, we assume
tamps which can either be embedded in the tuple during iteat each output application also specifies a thresholddgor i
generation at the source (e.g., temperature readings froncderance to gaps or “lack of responsiveness”. We call the
sensor, recorded with the time they were measured), or caraximum gap that an application can toleratelthich size
be assigned by the stream processing system at the arrifdle system must guarantee that the number of consecutive
time of the tuple. From here on, we will use the tetimses-  output tuples missed due to load shedding never exceeds this
tampandwindowing attributd@nterchangeably. value. As an example, we are working on a sensor network
S is divided into substreams based on optional group-bgroblem with the army [23], in which soldiers’ physiologica
attribute(s)g, if specified. Each substream is further dividedneasurements must be delivered at least once per minute,



| Window Specification] Description | allow a downstream aggregate to open a window upon see-

-1 don’t care ing a tuplet, WinDrop sets the window specification at-
0 window disallowed tribute oft to a positive7 value. This value not only indi-
- window allowed; _ cates that a window can start at this tuple, but also indscate
must preserve tuples with < until which 7 value the succeeding tuples should be retained
) o ) in the stream to ensure the integrity of the opened window.
Table 1: Window specification attribute To disallow a downstream aggregate from opening a window
i.e., losing or choosing not to deliver results observedenoPON Seeing a tuple WinDrop sets the window specifica-
frequently is acceptable. tion attribute oft to 0. Table 1 summarizes the semantics for

Note that batch size puts a lower bound on loss. Giveti® Window specification attribute. L
a batch sizeB, the query must at least deliver 1 tuple out of Consider an aggregate operatdf7 ,w, 9, F) = and as-
everyB+1 tuples. Therefore, the fraction of tuples deliverecfume that we would like to place &inDrop before A.
can never be below/(B+1). Under heavy workload, it may !n order to dropp fraction from the output of4, we in-
not be possible to remove excess load while still meeting afe"tWinDrop(7,w, d,p, B) at A’s input. Note that the first
applications’ bounds oB. In this case, we apply “admission three parameters d#inDrop are directly inherited from
control” on queries, where the most costly queries whos8 SO thatWinDrop can divide the input stream into win-
bounds can not be met have to be completely shut down (S{pWs in exactly the same way aswould. Then it decides
inserting drops at their inputs with drop probability= 1). which of those wmqlows should be drppped _and marks their

. . starter elements. Finally, when a tuplis received byA, A

3 Window-aware Load Shedding examinest’s window specification attribute and skips win-
Window-based computation is an essential component @bws that are disallowed. As a result of this, we save sys-
stream processing systems. Often times query results aegn resources at multiple levels. First, when a window is
obtained by grouping tuples into windows in various waysskipped, aggregate need not open and maintain state for that
as described in the previous sections. Therefore, if theé gogindow. In other words, aggregate does less work upon
is to deliver subset results as approximate answers, the wigeeing tuples that arrive immediately aftebecause there
dowing mechanisms of a query must be taken into accour{ one fewer open window that those tuples can contribute
when discarding tuples. Thus, load shedding on windowed. Second, when aggregate skips a window, it produces no
queries must bavindow-aware output for that window, thereby reducing data rate and sav-

In this section, we present a window-aware load shedng from processing in the downstream subnetwork. Third,
ding approach for aggregation queries over data streams. \Mein Drop not only encodes window specifications into tu-
show how various types of aggregation queries are handlgtes, but it is also capable of actually dropping tuples unde
through the use of a sophisticatédndow Dropoperator.  certain conditions, which we call aarly drop More specif-
3.1 The Window Drop Operator ically, tuples that are marked with a negative window spec-
A window drop operatoiVinDrop(S, T, w, 8, p, B) takes ification value and that are bgyond_ therange impoged by
five parameters in addition to an input stream 7 de- the most recently_seen positive wmdow_ §pecmcat|on value
notes the windowing attribute; denotes the window size, €& be dropped right away, without waiting to be seen by
5 denotes the window slide; denotes the drop probabil- @ downstream aggregate. Early drops are discussed in de-
ity, and 3 denotes the drop batch size. THew,§ param- tail in Section 3.4. It should be emphasized that the ability
eters of WinDrop are derived from the properties of the!© MOve a drop upstream from an aggregate enables us to
downstream aggregate operatgris determined by the load continue pushing it to_ward the inputs. This is important as
shedder according to the amount of load to be shed. Finally,can save computation for the complete downstream sub-
Bis derived from the QoS specifications at the query output§Uery from where it ends up.
As will be described in Section 3.4, this parameter allows us.2 Handling Multiple Aggregates

to exploit an application’s tolerance to gaps in makingyearlThere are two basic arrangements of aggregates in a query
drop decisions. We describe how values of these parameteiwork: (1) a pipeline arrangement, (2) a fan-out arrange-
are assigned in Section 3.2. ment. Table 2 summarizes the rules for settifign Drop

The basic functionality o#¥inDrop is to encode win- parameters for these two arrangements. Any query network
dow keep/drop decisions into stream tuples to be later dgan be handled using a composition of these two rules. We
coded by downstream aggregate operatdrsnDrop 10g-  now discuss these rules and how we derived them in detail.
ically divides its input strean$ into time windows of size 3.2.1 Pipeline Arrangement of Aggregates

w, hoting the start of a new window eveftime units. For .
every group of3 consecutive windows} in Drop makes a When there is a sequence of operators such that each opera-

probabilistic keep/drop decision. Each decision is an-nddOr's output is fed into another one, we call such an arrange-
pendent Bernoulli trial with drop probability. The drop Ment apipeline arrangement )

decision for a window is encoded into the tuple which is ASSume that we have aggregatesd,; (wi, d;, Fi) <, 0 <
supposed to be the window’s first (or starter) element, by <= %, pipelined in ascending order af We would
annotating this tuple with window specificationalue. ke to drop p fraction from the output ofd; by placing

de ;iﬁhvfalljgéeo??]s_ ﬁl'lr?gﬁ\;v;ﬁﬁjcégaggnbﬁtg t\)/\l/JI’tﬁ:All’:trs ?Jse d :We do not shows when the input stream is clear from the context. .

) : From here on, we drop tH& parameter from both aggregate and win-
internally by the system for QoS management purposes. Tow drop, simply assuming that windows are commonly defined on time




Aggregate arrangement

Parameters foWinDrop |

Pipeline: .
Aggregate Aggregate 5 w=>_wi—(k-1)
____ | WinDrop A A L5 | 6d =0k
(w1, 01, F1) (W, Oky Fk) B
Fan-out:
Aggregate By
A — | w=Icm(d1,...,dk)
ome (1,81, F1) + max?_, {extent(A;)}
) whereezxtent(A;) = w; — d;
____ | WinDrop non-—aggregate extent(A) = wi *
operator N 6 =lem(dy, ..., 0k)
regate ek B;
ggAkg B | BEmine e D7 )
(Wi Oy Fi)

Table 2: Rules for settinyy/in Drop parameters

WinDrop(w, é,p, B) before the leftmost operator in the with time values in the ranggé, 6) as an indivisible window

pipeline denoted by, in the first row of Table 2WinDrop  unit to produce a result tuple with time value of 1. The orig-

must have a slidé that is equal to the slide of the lastinal query uses exactly the same time range to produce its

aggregated;, in the pipeline. The reason for this is thatresult with time value 1.

Ay, is the last operator that divides the stream into win- The pipeline arrangement rule can also be applied on the

dows and produces one output eveéfytime units. Drop- example that was presented in Figure 1. For this example,

ping p fraction from A,’s output requires that we encodewe would need dVinDrop with a window size and slide

a drop decision once every, time units. Furthermore, of 64 and 60 minutes, respectively. Consequently, we would

WinDrop must have a window size which will guaran-be missing the counts for some of the 1-hour windows when

tee the preservation of all tuples of a winddW whenW  |oad is shed.

is kept. If we only hadA, the window size would sim- 3.2.2 Fan-out Arrangement of Aggregates

ply be w,. However, there aré — 1 aggregates preced-

ing Ay, each with its own corresponding window of tuplesA query arrangement with an operator whose output is

to be preserved. To be on the safe side, we consider thBared by multiple downstream branches is calléahaout

following worst case scenario: To produce an output tupl@rrangement

t.m With time m, A; needs outputs ofi;_; in the range When there are aggregates at child branches of a fan-out,

[tmstmsw,); Ak—1 in turn needs outputs ofl,_, in the we need dVinDrop which makes window keep/drop deci-

range|[t,m, tm+w,+w,_,—1); and so on. FinallyA, needs sions that are common to all of these aggregates. Assume

outputs of A; in the ranget,,, ty w, +...4w,—(k—2)) @nd k sibling aggregatesA, (wi, o1, F1), - - -, Ak (wk, Ok, Fi),

Ay needs stream inpuf$,,, t+0,+... 4+, —(k—1)) in order as in the second row of Table 2. A commé¥iinDrop

to guarantee the desired range. Thereftifép Drop hasto for all aggregates would have a drop probability mf

preserve a window of size; +. .. +w; — (k— 1) whenever a window slide of lcngds,...,d;) and a window size

it decides to retain a window, which forms its effective win-of lcm(d1,...,d0x) + max(extent(Ay),. .., extent(Ay)),

dow size. Note that this is a conservative formulation, basevhereextent(A4;) = w; — ;. 6 = lem(dy,...,d;) rep-

on the worst case scenario when each aggregate’s windo@sents the lowest common multiple of slides of all sibling

slide is such that the last time value in a window opens up&ggregates, i.e., evedytime units, all aggregates start a new

new window. As such, it is an upper bound on the require@indow at the same time point. Assurfieto be such a

window size foriWinDrop. Finally, the batch size param- time point where all aggregates meet to start a new win-

eter B of WinDrop is assigned as specified by the outputlow. extent(A;) represents the number of time units that

application at the end of the pipeline. A; needs beyond' in order to cleanly close its most recently
opened windowA; must have opened a window At— 9;,

The simple example in Figure 3 illustrates the pipelindecause its next window will be starting’gt Therefore, its
arrangement rule. We show a query that consists of two agxtent beyond' is w; — ;. We take the maximum of all the
gregates.A; has a window size and slide of 3 and 2 respecaggregates’ extents so that all aggregates can cleanlg clos
tively, followed by A, with window size and slide of 3 each. their open windows. As a result, the logical window that en-
We first show how an input stream with the indicated timeapsulates all aggregate siblings must have a window size of
values is divided into windows by these aggregates consec= Icm(dy, . .., 0 ) + max(extent(Ay), ..., extent(Ag)).
utively. Then we show the correspondifigin Drop to be  In other words, window slidé is formulated such that each
placed before this arrangement. According to our pipelineme Win Drop slides, it positions itself to where all of the
arrangement ruldiyin Drop must have a window size and aggregates4, throughA;, would attempt to start new win-
slide of 5 and 3 respectively. Hence, it divides the inputlows. Window sizev is formulated such that when a keep
stream as shown, marking the tuples that correspond to widecision is made, enough of the range is kept to preserve in-
dow starts. Notice howVinDrop considers input tuples tegrity of all of the aggregates’ windows. Finally, the Batc



w1 =3,01=2 1234 9 10 1112
wy =3,02=3 1 3.5 7 9 11

e R N
1 4 7 10
WinDrop A = Ao = )
< WinDrop:
w, § w1, 01 wa, 02
w=506=3 1234 6.7 9.10 1112 .,
1 4 7 10
Figure 3: Pipeline example
common start
‘/ (i(ﬁ't(iTlrt(AQ) =0 |
|
A w=3,8,=3 |1 4 17 0 |
N o ——~, !
w1, 01 w=36=2 1123456¢789101112 ..
WinDrop I : ,
or 1 3 5,7 9 11 !
w, 0 ! ;! .
Ay ' 1
e S extent(A;) =1
w2, 02 WinDrop: (A1)
w="706=6 12345 78910 1112 ..
1 7

Figure 4: Fan-out example

size of WinDrop is the minimum allowed by all sibling 3.3 Decoding Window Specifications
?;ggrﬁg’c_lt(;;. beote that we neer::l to_spale ea_(lfn aggrtrgaﬁ; mentioned earlier in Section 3.1}VinDrop attaches
batch sizel5; before comput!ng the minimum. This scalinginqqyy specifications to tuples that are potential window
is required because, whétiin Drop slides onceA; slides

loem(8.) /8- ti H | 5 : d starters. These specifications further indicate the fate of
cm(9;)/d; times. Hence, cm&)/_ i consecutive Windows 456 windows and need to be decoded by downstream ag-
for A; translate to 1 window foWWinDrop.

L . regates in order for them to take the right action. In this
The example in Figure 4 illustrates the fan-out arrang section, we describe how this decoding mechanism works.

ment rule. We show a query that consists of two sibling ag- Table 3 summarizes how an aggregatavith window

gregates. Window siz_es .and slides of these aggregates 8% w decodes the window specifications coded by a pre-
the same as in the pipeline example. Both aggregates rce{édinng‘nDrop. First assume that receives a tuple with

ceive a copy of the stream emanating from their parent, b i .
they divide it in different ways based on their window pa-Hme valuet and according to the slide parameterioia new

rameters. We first show how this is done together with thWindOW has to start at (upper half of Table 3). If the tuple

extents and common window start positions for the aggreﬁ-"fls a pOS.Itlve w!ndow spec!f!cat!en thenA opens a new
ndow with a window specification attribute of— w — 1

ates. Both aggregates start new windows at time values,1 S
gnd 7. A, hasga?n e%(tent of 1 (i.e., its last window before a("e" When. this Wme\.N. clqses and'produces an OUtPUt tu-
new window starts at 7 extends UI,’ltil 8, has an extent of ple, the window specification of this output tuplg will be
0 (i.e., its last window completely closes before a new Win\;v.ﬁ] Lt‘;m_e {/)éluésalljsot(;nikgs_sij raer ;hrztt aaillr: esduicnc?hseSI\s/ter et:r[:T)]les
dow opens at 7). Based on these, we show the correspoq#— P :

ing WinDrop that must be placed before this aggregate arﬁcthe tuple has a non-positive (i.e., 0 or -1) window speci-

rangementiVin Drop must have a window size and slide of ) . . . .
. . | . must retain. If so, a new window is opened with the given
7 and 6 respectively. This way, it makes window keep/drop . e .
. . indow specification and the keep range is set tow. If
decisions at time values where bath and A, expect to - e
not, A skips this window.

open new windows. Furthermore, in case of a keep decision, . T
Now assume thatl receives a tuple with time value

WinDrop retains all tuples required to cleanly close open ,
windows of both of the aggregates. where A does not expect to open a new window (lower half

. of Table 3). A will not open any new window. However,
3.2.3  Rule Composition it has to still maintain the window specification attribute i
We will now briefly illustrate the composition of the rules in the tuple for other downstream aggregates’ disposal (if.any
Table 2. Assume thad P in Figure 4 is an aggregate with The two important specifications areand 0, the former in-
w = 4andd = 1 (i.e,, Ao(4,1)). There are two ways to dicating the opening of a window and the latter indicating
constructiVin Drop: the skipping of a window. If the specification is -4,does
not need to do anything. If the tuple has a positive window
specificationr, A updates its time range as well as the win-
L dow specification of the tuple. In both of the non-negative
'&E\gane ?pGpIy Lheh p|_peI|ne§/[;thaDomo§g, é) and casesA marks this tuple as fake tuple A fake tuple is one
inDrop(7,6), which gives us¥VinDrop(10,6). which has no real content but only carries a window spec-
2. We first apply the pipeline rule on pathg,(4,1), ification value that may be significant to some downstream
A1(3,2)] and [Ao(4,1), Ax(3,3)], which gives us aggregates. Such tuples should not participate in query com
WinDrop(6,2) andWinDrop(6,3), respectively. We putations and should be solely used for decoding purposes.
then apply the fan-out rule on these, which gives us we must point out here that fake tuples have one other
WinDrop(10,6). important use. A query network may have other types of

ation, thenA checks ift is within the time range that it

1. We first apply the fan-out rule od; and A,, which
gives usWinDrop(7,6) as illustrated in Figure 4.



[ win_start? win_sped keepuntil | relevant action | Note that the first case only occurs once at the start of

yes T within [ open window the stream. Thereafter, the second and the third cases occur
keepuntil =7 —w — 1 repeatedly one after the other. If the aggregate window is
win.spec =r —w — 1 tumbling (i.e.w = 4), then the second case has a time range

yes T beyond | open window length of 0, i.e., itis skipped. Also, the first case is eqlgna
keepuntil =7 —w — 1 to the third case since: = 1. As a result, for tumbling

__|winspec=r —w-—1 window aggregatedy CF(t) = m = 1 for all tuples (i.e.,

yes 0 within | open window each tuple belongs to only 1 window).
keepuntil = ¢ + w Rule (Early-Drop Rule). If a tuple with time value be-

yes 0 beyond | skip window longs tok windows (i.e.JW CF(t) = k), then this tuple can

yes 1 within | open window be early-dropped if and only if thB/in Drop operator de-
keepuntil =¢ + w cides to drop all of thesé windows.

yes 1 beyond | skip window If WinDrop flips a coin every time it observes a potential

no T within - keepuntil =7 —w — 1 window start and decides to drop that window with probabil-
win_spec =r —w — 1 ity p, then for an early-dropiVinDrop has to flip the coin
mark as fake tuple for k consecutive times, which has probabilif§. Unless

no T beyond | keepuntil =7 —w —1 p is a big number ok is a small number (e.g., in the case

win_spec =r —w — 1

mark as fake tuple of a tumbling window), then the probability of an early-drop

is very small. Instead, to take advantage of early drops, we

:g 8 t\:\gﬂgzd QZ:E Zz ;:::2 Iﬂp:g use the following (more deterministic) drop mechanism: We
YO . P mentioned in Section 2 that, as part of its loss-tolerancg Qo

no -1 within | ignore functi h if w@ior th .

o = beyond |gnore unction, each query specifies a cons r the maximum

number of consecutive windows that can be shed. Given
Table 3: Decoding window specifications a drop probabil_ityp, WinDrop flips the coin once for ev-
ery batch of3 windows and drops them all with probability
operators lying between &inDrop and the downstream j. Based on the window count functidif C ', droppingB
aggregates which are supposed to decode window specifiggnsecutive windows translates to a certain number of early
tions generated by th&"in Drop (see the example in Figure drops. Note that to satisf, at least one window has to be
1). We must make sure that window specifications correctiypened after each dropped batch. If the coin yields two con-
survive through such operators. For example, assume thaicutive drops, then we allow the first window of the second
the filter between the two aggregates in Figure 1 (Box 3) déyatch to open and compensate for it later by skipping a win-
cides to drop a tupléfrom the stream since this tuple doesdow when in fact the coin yields a keep. This ensures that
not satisfy its predicate. iis carrying a non-negative win- we satisfy both3 andp.
dow specification, then we can not simply discard it. Instead For the pipeline arrangement, as we pl&icén Drop fur-
we must markt as a fake tuple and let it pass through theher upstream, the gap betweerandé widens and hence
filter. This is becauseis carrying a message for the down-y, grows. In this case, more consecutive windows must be
stream aggregate (Box 4) about whether to open or skipdropped to achieve early drops. This would only be possible
window at a particular time point. to the extent allowed by8. Therefore, if an application de-
3.4 Early Drops fines itsB small, then there is no point in placifgin Drop

. . . . further upstream than the earliest aggregate in the pgelin
WinDrop is not just an operator that marks tuples; it can For the fan-out arrangement, the window slidlegets

also drop tuples. We call this functionality @arly drop | 5rger across a split. This means that when a window is

In this section, we discuss howl&inDrop accomplishes 45064 ypstream from a split, in fact, more than one consec-

early drops. We start with a useful definition. _ utive window may get dropped downstream from the split.
Definition (Window Count Function (WCF)). Considera \we need to make sure that this does not exdéetkfined

streamsS with tuples partially ordered in increasing order of ;i e outputs. Table 2 shows how this is achieved by ap-

their time values. Assume that the very first tupl&ihas propriately scaling3;. As in the pipeline arrangement case,

atime value ofl. Consider an aggregateé (S, w, d), where vy, .0 must be placed at the earliest point in the query
w=mx*0+¢m=>10< ¢ <0 Wedefine a Window nonyork “not violating the constraints dh
Count FunctionrWV CF : Z* — N, which maps a given time 5 Analvsi

e%‘ nalysis

valuet to the number of consecutive windows to which tupl

that carryt belong: Next we mathematically analyze our approach for correct-
i+1, ftel0+ix80+(i+1)xs5—1 nessandperformance.
whered < i < m 3.5.1 Correctness
m41, ifte[d+ixd, Definition (Correctness). A drop insertion plan is said to
O+ (i—m)*d+w—1] be correct if it produces subset results at query outputs.
WCF(t) = . Theorem. WinDrop inserted aggregation queries preserve
wherei > m . /4 ggreg q p
m,  fte+(i—m)xd+w, correctness.
0+ @G+1)x5—1] Proof. The proof for this theorem has two parts, one for each
wherei > m aggregate arrangement. We can prove each by induction.
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(1 —p) * costs)))
Figure 5: Inserting drops into an aggregation query  The CPU cycles saved as a result of this would be:

SRDrop = R*(selq x sela*p*costs — sely * sela * COStRDrop)
Instead, if alVinDrop were inserted at the query input, the
CPU load would become:

Consider a pipeliné® of N aggregatesi;(w;,d;). Given
a finite input streansS, assume that the result 81(S) is
the setA, and the result for théVinDrop inserted ver- Lo _z ' , ,
sion, P'(S), is the setd’. For N = 1, WinDrop(w, ) WinDrop =R % (costwinDrop + costy + cost

is inserted befored; such thatw = wy, § = ;. Ev- , el selp (1 —p) * costs)
ery &, time units,WinDrop marks a tuple as either keep 251 = ©08tseneer + selw * costy + selua * Costeopy
(r, wherer — t.time + w), or drop (0). Whend, re- 052 = "5 * costucheck + selus * cosbucheck
ceivest with specification ofr, it opens a new window at

+selw1 * sely * costa
t.time and retains all tuples in time randetime, 7). In SUBN BT first checks if a tuple is fake or natdst eneck)-
this case,A; delivers an output tuple € A. When A,

Assumesel,,; of tuples fromWinDrop are normal and
receivest with a 0 or —1 specification, it does not open aselw2 of them are fake. Then, former are processed nor-
window. In this caseA; adds no output tuple to the re-

mally (sel,,1 * cost1), and latter are just copied across to
sult. Therefore, A’ C A. Next, assume that the theorem

A (selya * costeopy). A checks window specification at-
holds for N = n. We will show that it must also hold for {ributes for ones to be openeétg:t  costucnecr) and for

N = n + 1. We are given that aVinDrop(w, d), with ones to be skippeds¢l,,o * costycneck).- Then, tuples in _
w=3" w —(n—1)ands = d,, inserted beforel, pre- the former group go through normal aggregate processing

serves correctness. Consider a winddinat A, with a time ~ (5¢lw1 * sely x costs). The CPU cycles saved would be:
range of[T’, T'+w — 1], when processed produces an aggre- Swinbrop = R * (seli * selz x px costs + (1 — seluw1) * costy

gate output with time valu&. Any aggregate downstream +(1 = selu1) * sely * costa — costwinDrop
from A1, that includes a tuple with tini& in its window ef- *C‘jjfff’wck — selw2 * osteopy
fectively incorporatess values with time up td@ + w; — 1. — (=534 + selw2) * costucheck)

Therefore, ifWinDrop' is placed befored,, its effective |f W& compare Sgp.o, With Swinprop, wWe see that

window size must include this range to preserve window in?WinDrop has two additional savings terms: it saves from
tegrity. As a resultyVinDrop’ must have a window size (N€ aggregate operator's cosv4t,) as well as from the
n first subnetwork’s costcpst;) with an amount determined

of w' = —1=Yr wi—(n—1)Fuw —1=
:Lu+1 ‘w e 1.1 %_:;"*SI wroveinour vx)/indz\jv size for- by sel,,1 (as a result of early drops). On the other hand,
%ljlzalti;)é f_or(ZJri eﬁne)c.)h+ 1 g reuates as given in Table NEMe are three additional cost terms for handling the flags
PP 9greg 9 introduced byWWinDrop. We expect these costs to be much

X ; ) f
rzﬁquItnarlgélljnc(e)rrdeesrutl(t)speri?ggge S:basgtorﬁiu:;i’l‘ttr%f ngtZ;]is smaller than the savings ®FinDrop. We experimentally
P +18p P show the processing overheadi@fin Drop in Section 4.

guantity. ThereforelWinDrop’ must have a window slide .

of 6’ = 6,,,.1. This concludes the first part of our proof. The . Let us now briefly show howel,,; andsel,,» can be es-

part for the fan-out case follows a similar inductive reasoriimated. For simplicity, we will assume a stream with one

ing, therefore we do not discuss it here. tuple per time value. We drop windows in batches of size
B. By definition, each drop-batch must be preceded and fol-

3.5.2 Performance lowed by at least one keep-window. The total number of

. . tuples in a batch i$8 — 1) x 6 + w (see Figure 6). Given a

In this section, we analyze the CPU cycles saved by gqn patch2 + (w — 9) of its tuples overlap with the preced-

WinDrop. We also compare our approach against an afpg and the following keep-windows, therefore the number

ternative one WhIC.h uses a random drop [24]. Cons'der&tuples that belong only to the drop-batctifs+ 1) %0 —w.

query network as in Figure 5, where an aggregét,d) These are the tuples that can be early-dropped. This many

is present between two subnetworks of other non—aggregqtﬁﬂes out of a total of B — 1) * § + w can be early-dropped

operators, whose total costs and selectivities are as show  this would occur with probability. Therefore, we end
The CPU cycles needed to process one input tuple across (Blyxb—w o WinDroz;'S out-

this query network can be estimated-ast; + sel; * (costs + Up with sel.;, N L=px (B-1)*6+w
sel * costs). If the input stream has a rate & tuples per put tuples being kept as normal tuples. Furthermore, one

time unit, then the CPU load as processing cycles per tinfelPIe out of everys tuples may have to be retained as a
UNILIS R # (costy + sely % (costs + sels * costs)). fake tuple since it carries a 0 window specification. Thus,

B *0—w w .
If a random drop were inserted downstream from the a%%J = (B+1)+ [§] outof (B+1)*6 —w will

Liprop = R * (costy + sely * (costa + sela * (cOStrDrop~+ up with sel,,o = p * ((gtll))ijgﬁj
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Figure 7: Drop insertion plans (RDrop, Nested1, and Ne3ted2

4 Experiments ! ‘ ‘
. . . . RDrop —— M M
In this section, we experimentally evaluate our window drop S —

approach. We first compare it against a simple random drop
approach which provides subset approximation by shedding
individual tuples downstream from the aggregates. Note thg 6 7
we do not compare our approach against the relative errog-
based approaches (e.g., [6]) since there is no fair way to d® 0.4+ .
this when error models are different. We vary both window
parameters and input rates, and measure the result degra-y,|
dation for various query plans. We also compare our ex-
perimental results against the analytical estimates di&ec
3.5.2 to confirm their validity. Finally, we evaluate the pro 0 7 15 25 35 50 65 75 87 100
cessing overhead of our technique. % excess rate

We implemented the WinDrop operator as part of the
load shedder component of Aurora, which itself serves as
the query processor component of the Borealis distributeddestedl corresponds to WinDrop inserted in the middle, and
stream processing prototype system [1]. We conducted oNested2 is for WinDrop placed at the input. At relatively
experiments on a single-node Borealis server, running onlew input rates, RDrop shows comparable performance to
Linux PC with an Athlon 64 2GHz Processor. window drop approaches. However, as the rate gets higher,

We constructed a basic set of benchmark queries as wilbth Nested1 and Nested2 scale far better than the RDrop ap-
be described in the following subsections. We used symproach. In fact, RDrop stops delivering any results once the
thetic data to represent readings from a temperature sensarcess load gets beyond 65%. Nested?2 either results in equal
as (time, value) pairs. or smaller degradation in the answer compared to Nested1 at
all load levels.

. . . ) As a result, window drop is effective in handling system
First we will show the basic performance of window dropyerigad. It scales well with increasing input rate and out-

For this experiment, we used the nested aggregation qUef¥ torms the random drop alternative. Note that the RDrop
shown in Figure 7, which is similar to the stock count eXaMzase is all that would have been allowed by our previous
ple of Figure 1. There are two aggregate operators, each wi, [24] since we could not move drops past aggregates.

tumbling windows of size 10 and 100 respectively, and botp5cing WinDrop further upstream in a nested aggregation
with count functions. We used a batch size of 10. We adde%gJery significantly improves the result quality.

delay boxes before and after each aggregate to model other i
operators that may exist upstream and downstream from tfte?  Effect of Window Parameters
aggregates. A delay box simply withholds its input tuple foNext we investigate the effect of window parameters on Win-
a specific amount of time before releasing it to its succe®rop performance. We used a simple query with one aggre-
sor box. We used appropriate delay values to make differegate operator with a count function as shown in Figure 9. We
parts of the query equally costly. again added delay boxes of 5 milliseconds each, before and
The goal of this experiment is twofold. First, we showafter the aggregate, and set batch size to 10.
how much WinDrop degrades the result for handling a given The bar chart in Figure 9 shows the effect of window size
level of excess load. Second, we compare it against two an drops. An input rate that is 25% faster than the rate the
ternatives: one is a variation of our window drop approaclsystem can handle at full capacity is fed into the query. For
where WinDrop is inserted in the middle of the query neteach window size, we measure the fraction of tuples that
work; the other is random drop [24] that is placed downmust be dropped to bring the system load below the capac-
stream from both of the aggregates. Figure 7 illustratesetheity. We take these measurements for a window that slides
three alternative drop insertion plans. by 1 (slowly sliding window) and for a window that slides
Figure 8 presents our result. The excess rate on the x-axig the window size (tumbling window). In most cases, the
represents the percentage of the input rate that is over faltop rates came out to be lower for the tumbling window
capacity. The y-axis shows the fraction of the answer thaiase. This is because WinDrop can achieve early drops in
is missing from the result. RDrop represents random drophis case. A second observation is that drop rates stay almos

Figure 8: Comparing alternative approaches

4.1 Basic Performance
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Figure 10: Effect of window slide

fixed as the window size increases. Interestingly, the fermwvindow slide, the number of saved cycles upstream from the
las presented earlier in Section 3.5.2 also suggest thdt loaggregate increases (due to early drops) while the number to
should be independent of aggregate window size whenl  be saved downstream from the aggregate decreases (due to
andé = w (seesel,,; andsel,,2). We also measured averagelow aggregate selectivity). The required drop amount first
operator costs and plugged them into our formulas. The foimcreases, but then starts decreasing due to additional sav
mulas estimate drop rates to be 0.2 and 0.39 for the tumbliriggs from early drops. Note that this decrease is observed
and the sliding window case, respectively. The latter casghen slide gets above 10 (i.e., whegi| < B). WinDrop
is experimentally confirmed in Figure 9. However, our forshows the best advantage as the degree of window overlap
mulas underestimate the drop rate for the tumbling windowecreases. We continue to observe this effect as excess load
case. In this case, the aggregate operator has a very sniiadireases. Our analysis captures the general behavior very
selectivity. It closes a window and produces an output onagell, but as window slide grows, it shows a diversion from
everyw tuples, at which point the downstream Delay box ighe measured results, for the same reason as above.
scheduled. Our analysis models the average case behaviolas a brief note, we also compared WinDrop with ran-
and fails to capture such cases where internal load van&tiodom drop inserted after the aggregate. For slide=1, random
may occur due to changes in box scheduling frequency.  drop performs almost the same as WinDrop (no early drops).
Figure 10 details the effect of window slide on WinDropFor slide=100, random drop fails to remove the overload,
performance: Figure 10(a) shows our experimental resudten at rate+25%. Thus, in the worst case where there is a
and Figure 10(b) plots the analytical estimates of Sectiovery high degree of window overlap and zero opportunity for
3.5.2. A window size of 100 with four different slide val- early drops, WinDrop converges to the simple random drop.
ues is used. A slide value of 1 corresponds to a large nums slide grows, WinDrop achieves a clear advantage.
ber of simultaneously open windows, therefore, a high de: .
. . s 4.3 Processing Overhead
gree of window overlap, and high aggregate selectivity. A
slide value of 100 corresponds to one open window at a timdlext we evaluate the overhead of adding WinDrop into
zero window overlap, and low aggregate selectivity, proevidquery plans. This overhead has several potential sourtkes: (
ing more opportunity for early drops. As we increase than additional operator to be scheduled in the query plan, (2)
other operators interpreting window specifications, (&efa
Aggregate 5D,i|§gc tu p|eS-
In this experiment, we used the query layout shown in
Figure 11. We varied the predicate of the filter to obtain
rate+25% various selectivity values. We used a tumbling window
slide=yfinsize— whose window size is also varied. Table 4 shows the ratio
0.8 1 of throughput values for when query contains a WinDrop
analytical that does not drop anything (= 0) and for when no Win-
Drop is present. The rate is 50% higher than the capacity
level, and we ran each query for a minute. D denotes the
amount of delay in the Delay box, representing the cost of
the subnetwork between the filter and the aggregate. Since
no tuples are dropped in either case, the reduction (if any) i
the number of tuples produced with WinDrop must be due
to the additional processing overhead. First, Table 4 shows
50 75 that in general, the overhead is low. Second, as window size
window size increases, the overhead decreases. This is due to thed#ct th
WinDrop marks tuples less frequently. Third, for lower se-
Figure 9: Effect of window size lectivity, overhead seems to be higher. This result aceount
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T Citer Delay pggreqat set of aggregate functions, whereas our approach is indepen
1 ! D dent of the actual aggregate functions.

Load shedding for sliding window joins in memory-
limited environments have also been studied [5, 11, 18, 21].
Our approach mainly considers CPU as the limited resource
4 although it can also be used to solve the memory-limited
case. The cited works also produce subset results. The
goal in these works is to either produce maximum subsets or
sampled subsets, whereas we determine relative subset size
based on QoS specifications.

Punctuations are special annotations embedded into data
streams to specify end of a subset of data in the stream [26].
They are devised to overcome the blocking and unbounded
memory problem in stateful stream operators. As such,
%% o5 0 - 100 punctuations constitute an alternative to windowed preces

window size ing. Our work is relevant to punctuations in the way we

attach window indicators into tuples. Although both ap-

Figure 11: Filter selectivity proaches annotate streams with information that is impbrta
D=10msec D=20msec in terms of optimizing query execution, their goals are gjuit
winsize | sel=1.0] sel=05| sel=1.0] sel=05 different. Furthermore, in punctuations case, annotation

25 0.99 0.96 1.0 0.96 indicate some property that naturally exists in the stream,

50 0.99 0.98 0.98 0.97 whereas in our case window specifications are artificially

75 1.0 0.98 1.0 0.97 generated to cope with overload. It would be interesting to

100 1.0 1.0 1.0 1.0 investigate how our window-aware load shedding idea could
be used under a windowing model based on punctuations.
Table 4: Throughput ratio (WinDrop(= 0)/NoDrop) Lastly, approximate query processing techniques have

for the effect of handling fake tuples. As we mentioned eal®"d been studied both for traditional static data sets ane c
lier in Section 3.3, filter generates fake tuples when itsipre iNUOUS data streams [13]. Former techniques mostly rely on
icate evaluates to false but the tuple has to be retained ifRfécomputed data synopsis whereas latter approaches con-
is carrying a non-negative window specification. The chancaUct 0né-pass summaries as streams arrive. Online aggre-
of generating fake tuples increases as the filter selectigit 92tion [17] lies somewhere between by interleaving sam-
creases. This may further lead to an increased overhead®'9 With query evaluation, on stored data. In addition
processing fake tuples in the downstream query network 4% Samples, synopsis can take the form of histograms [14],
our results indicate. Lastly, we see only a slight increaseketches [12], or wavelets [9, 15]. In majority of the exist-
in overhead when the cost of processing between filter arigd WOrk. aggregate approximations are in the form of non-
aggregate is doubled. subset answers. To our kn_owledge, no previous work has
Figure 11 shows the degradation in result quality as wins-tUd'_ed yvlndow bz_ahawor_s in depth to perform subset ap-
dow size, filter selectivity and input rate changes. We dBroximations on sliding window aggregates.

not observe any significant difference in drop amounts du@ Conclusions and Future Work
to processing overhead, confirming the results in Table 4.

rate+50%, sel=0.

drop rate

In this paper, we have shown a window-aware load shedding
5 Related Work technique that deals with sliding window aggregate opera-
There has been a great deal of recent work in the area of d&@s. Moreover, we have done this in a way that preserves
stream processing [16]. Several research prototypes hafi no false positives guarantee. Our techniques also suppo
been built, including Aurora [2], STREAM [20], and Tele- load shedding in query networks in which aggregates can
graph [10]. Efficient resource management, adaptivity, ariee arbitrarily nested. We believe that this is very impatrtan
approximation have been the main points of emphases. ~Since, in our experience with Aurora, user-defined aggre-
Load shedding for aggregation queries over data strearigtes have been used extensively in practice for many tasks
has been the subject of recent work by Babcock et al [6{hat involve operating on a subsequence of tuples. Thug, the
This work inserts random drops into query trees and triegccur quite frequently in the interior of networks. Thust ou
to minimize the maximum relative error at outputs. This igontribution is the ability to handle aggregates in a veny-ge
achieved using statistical bounds, based on mean and stg&fl way that is consistent with a subset-based error model.
dard deviation statistics on windows of tuples received by We have shown that, as is expected, with the added abil-
aggregates. Our approach produces subset results artd trieigy to push drops past aggregates, we can recover more load
minimize QoS utility loss, hence our approximation model igarly; thereby, regaining the required cycles while mizimi
quite different. Moreover, our approach can handle a moigg the total utility loss. By focusing on dropping windows,
general class of aggregation queries by preserving windowe can better control the propagation of error through the
integrity, while the proposed work applies to query treegjownstream network.
with a single aggregate operator at the leaf level. Lagtly, i Some of the complexity in our solution is a result of the
that approach, the statistical bounds apply to only a lichitesimple flat data model. For example, not being able to denote



windows as sets of tuples results in a tuple marking scheme.

However, a simple model simplifies implementation and al-[7]

lows for faster execution in the general case.
We plan to extend this work in the following directions:

Window-awareness on Joins.Joins also operate on win-
dows of tuples. However, the semantics is quite different.

(8]

A join window involves two input streams, A and B. It de-
fines which tuples from input B are in the range of a given|g
tuple from input A so that the join predicate can be applied
on them. Unlike aggregates, where window behavior is cru-

cial in producing subset results, this is not the main issuig0]

for joins. Dropping inputs necessarily produces a subsiét an
load shedding on joins is mostly about controlling the size
of that subset. Consider a query with an Aggregate followed

by a Join. WinDrop placed before the Aggregate causes
gregate to produce a somewhat random subset per aggre

group. This further affects the overall query result frora th

Join in different ways, depending on the form of the joirnz]

predicate as well as tuple values.

Memory-constrained Environments.
with large number of stateful operators like aggregates md¥3]

Query networks

also require load shedding due to insufficient memory. An
aggregate, with window size and window slide has at

most [%] open window states per group. However, dell*

pending on the form of the aggregate function (i.e., diatrib

tive/algebraic vs. holistic), a window state may become un;
bounded [3]. We are planning to adapt our window dro

approach to such memory-constrained environments.
Distributed Load Shedding. We also plan to extend this
work into the distributed setting. Borealis [1], the susm#s [16]
to Aurora, maps query networks to a large number of ma-
chines of varying computational capability (sensors, sexv [17] J. Hellerstein, P. Haas, and H. Wang. Online Aggregation. In

and everything in between).

In this case, load sheddin

requires that nodes cooperate in choosing where and h ]
much load to shed. A downstream node will often request
that its upstream nodes shed a certain amount of load on g%]
behalf. That request can be further subdivided and pass
(in part) upstream. We are currently investigating heiarist

approaches to the distributed load shedding problem.

(20]
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