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tA Data Stream Manager a

epts push-based inputfrom a set of data sour
es, pro
esses these inputswith respe
t to a set of standing queries, and pro-du
es outputs based on Quality-of-Servi
e (QoS)spe
i�
ations. When input rates ex
eed system 
a-pa
ity, the system will be
ome overloaded and la-ten
y will deteriorate. Under these 
onditions, thesystem will shed load, thus degrading the answer, inorder to improve the observed laten
y of the results.This paper examines a te
hnique for dynami
allyinserting and removing drop operators into queryplans as required by the 
urrent load. We exam-ine two types of drops: the �rst drops a fra
tion ofthe tuples in a randomized fashion, and the se
onddrops tuples based on the importan
e of their 
on-tent. We address the problems of determining whenload shedding is needed, where in the query plan toinsert drops, and how mu
h of the load should beshed at that point in the plan. We des
ribe eÆ-
ient solutions and present experimental eviden
ethat they 
an bring the system ba
k into the usefuloperating range without too mu
h degradation inanswer quality.1 Introdu
tionNew appli
ations that must deal with vast numbers ofinput streams are be
oming more 
ommon. These in-
lude appli
ations that pro
ess data from small embed-ded sensors, appli
ations that must 
orrelate �nan
ialdata feeds, and appli
ations that must manage inputfrom a very large number of geo-positioning devi
es.A new 
lass of data management systems is emerg-ing in response to these appli
ations [7, 9, 17, 8, 19℄.These systems will provide the same kind of infras-tru
ture to stream-based appli
ations that databasemanagement systems have provided for data pro
ess-ing appli
ations.The Aurora data stream management system [7,2, 1℄ is one su
h new system that is being developedat Brandeis University, Brown University, and M.I.T.The Aurora data stream manager uses appli
ation-level semanti
s to make intelligent de
isions about re-sour
e allo
ation. Typi
ally, the resour
es in questionin
lude pro
essor 
y
les, memory, and bandwidth [9℄.

Our designs have been in
uen
ed heavily by severalspe
i�
 appli
ations. In parti
ular, we have studied anappli
ation that performs remote triage over a battle-�eld given a large number of soldiers with bio-sensorsembedded in their uniforms. Another appli
ation in-volves a next-generation airplane that 
olle
ts re
on-naissan
e data about the positions of enemy units andthat intelligently disseminates this information to aseries of ground stations, ea
h with di�erent require-ments. We are also beginning an experimental e�ortto manage �sh respiratory data as an indi
ator of thepresen
e of toxins in a reservoir [1℄.All of these appli
ations are 
hara
terized by a largenumber of push-based data sour
es in whi
h the dataarrival rates 
an be high and unpredi
table. Ea
h ofthese appli
ations is responsible for monitoring data todete
t 
riti
al situations, during whi
h the data rates
an signi�
antly in
rease and ex
eed system 
apa
ity.If no 
orre
tive a
tion is taken, queues will form andlaten
ies will in
rease without bound. In these 
ases,the only solution is to shed some of the load. In generalterms, load shedding is the pro
ess of dropping ex
essload from the system. In order to gra
efully degradethe performan
e of the system, load shedding shouldidentify and dis
ard the relatively unimportant data.The work des
ribed in this paper 
on
entrates onthe pro
essor as the limited resour
e and exploitsappli
ation-spe
i�
 Quality-of-Servi
e (QoS) informa-tion when making load shedding de
isions. We assumethat QoS is spe
i�ed separately for ea
h appli
ation.It des
ribes the relationship between various 
hara
-teristi
s of an answer and its usefulness (i.e., utility).Thus, we model QoS as a set of fun
tions that relatea parameter of the output to its utility. For example,in many appli
ations, answers are only useful if theyare timely. Therefore, the utility of an answer 
an bea fun
tion of the laten
y involved in its 
reation. Also,the utility of an answer 
an be a fun
tion of the out-put value, expressing how important ea
h value is forpurposes of the appli
ation. For example, in a medi
alappli
ation that monitors patient heartbeats, extremevalues are 
ertainly more interesting.It should be noted that while dropping tuples will
ertainly redu
e the pro
essing requirements on thesystem, and thus, redu
e the e�e
tive load, it will also
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hite
ture and Load Shedderhave a detrimental e�e
t on the a

ura
y of the an-swer. Said another way, load redu
tion to improve la-ten
y and a

ura
y are fundamentally at odds. Whenwe improve utility by shedding load and redu
ing la-ten
y, we ne
essarily lose utility by produ
ing an ap-proximate answer. The te
hni
al 
hallenge in this workis to balan
e these two e�e
ts so that we end up gain-ing more than we lose.Load shedding is not a new idea. The �elds ofoperating systems, networking [18℄, and multimedia[10℄ have studied load shedding; however, the 
ontextis rather di�erent here. First, we 
onsider appli
a-tions that share pro
essing, and se
ond, we allow forQoS spe
i�
ations that in
lude semanti
s (value-basedQoS). We also have a mu
h more limited view of thepro
essing that is 
arried out by an Aurora appli
a-tion. We only allow appli
ations to be built out ofour seven operators. In this way, we 
an gather usefulstatisti
s (e.g., sele
tivities and operator 
osts) aboutthe pro
essing elements in a way that is diÆ
ult inother 
ontexts.This paper explores s
alable and eÆ
ient load shed-ding te
hniques for large pro
essing networks. In par-ti
ular, we address and provide solutions to three keyload shedding questions: determining (1) when, (2)where, and (3) how mu
h to shed load. We also presentthe results of an experimental study that quantita-tively demonstrates the e�e
tiveness of our approa
hby 
omparing it to alternative, traditional sheddingte
hniques under a variety of workload and pro
essings
enarios.The next se
tion is a brief overview of the AuroraSystem. Se
tion 3 presents a detailed dis
ussion ofthe problem. Se
tion 4 
ontains the des
ription of ourload shedding algorithms. Se
tions 5 and 6 presentthe experiments and their results. Se
tion 7 outlinesrelated work, and Se
tion 8 summarizes the work andprovides future dire
tions.

2 Aurora OverviewThe Aurora System has been designed to deal withvery large numbers of data streams. An input streamis a potentially in�nite sequen
e of tuples generatedby a data sour
e. Possible data sour
es in
lude 
om-puter programs and hardware sensors that 
ontinu-ously push data to Aurora. Aurora is expe
ted to pro-
ess a large number of queries that are built out of asmall set of operators [2℄. A query may take an arbi-trary number of input streams and always ends at asingle output. An operator may be 
onne
ted to mul-tiple downstream operators. All su
h splits 
arry iden-ti
al tuples and enable sharing of 
omputation amongdi�erent queries. Multiple streams 
an also be mergedsin
e some operators a

ept more than one input. AnAurora query network is a 
olle
tion of su
h queries.We 
an not dis
uss the Aurora data model and theoperator set in full due to spa
e limitations. We willhowever, brie
y mention only the operators we 
on-sider in the framework of this work. Aurora has sevenprimitive operators. Some of these operators gener-ate tuples with new values that are possibly di�erentfrom their input tuples (Map, Aggregate, Resample)while others pro
ess the tuple values as they are (Fil-ter, Union, Bsort, Join) [2℄. Note that while Join doesprodu
e new tuples, they are simple 
on
atenations ofthe inputs. Thus, no new attribute values are 
reated.The work in this paper 
onsiders operators of the se
-ond type only, namely, Filter, Union, and Join. Filtertakes a predi
ate as parameter and �lters out the inputtuples that do not satisfy this predi
ate. Unionmergestwo input streams into a single stream. Join 
orrelatestwo input streams on equality of a 
ommon attribute,taking a time-based window size as parameter.We also 
onsider the use of system generated Dropoperators. A Drop operator eliminates some fra
tionof its input. It a
hieves this by either randomly sele
t-ing tuples to drop or by using a predi
ate to dete
tand drop tuples 
ontaining less important values. Inthe latter 
ase, Drop is e�e
tively the same as Fil-ter. Note that if Drops are inserted into a network
ontaining only Filter, Union, and Join, the output isguaranteed to be a subset of the a
tual answer. Thisobservation motivates our restri
tion on query opera-tors, but it should be noted in pra
ti
e that there area
tually many appli
ations that 
an be servi
ed withinthis restri
tion (e.g., many 
ategorization and routingappli
ations like those in �nan
ial servi
es and intel-ligent dissemination). Extending these te
hniques towork for our other operators is left as future work.Figure 1 illustrates a small Aurora query network.The output of ea
h query in the network is routedto the relevant monitoring appli
ation. Furthermore,ea
h output is supplied with a QoS spe
i�
ation. Cur-rently, QoS in Aurora is 
aptured by three fun
tions(1) a laten
y graph, (2) a value-based graph, and a(3) loss-toleran
e graph [7℄. The laten
y graph indi-
ates how utility drops as an answer is delayed. Thevalue-based graph shows whi
h values of the output



spa
e are most important. The loss-toleran
e graph isa simple way to des
ribe how averse the appli
ationis to approximate answers. The quality metri
 of theloss-toleran
e graph is the per
entage of output tuplesdelivered to an appli
ation, 100% indi
ating zero loss.The loss-toleran
e graph 
an either be expli
itly de-�ned for an appli
ation or be automati
ally derivedfrom a value-based graph and a statisti
s about thedistribution of values in the output. An important as-sumption we make about QoS fun
tions of the types(1) and (3) is that they are 
on
ave: utility de
reasespeeds up as the QoS metri
 in
reases.The Aurora 
atalog (as shown in Figure 1) 
ontainsinformation regarding the network topology, inputs,outputs, QoS, and relevant statisti
s (e.g., sele
tiv-ity and average pro
essing 
ost for an operator). TheAurora run-time system reads the network des
riptionfrom the 
atalog and exe
utes the queries. Data tu-ples are queued for pro
essing by the Aurora run-time.The s
heduler sele
ts an operator with waiting tuplesand exe
utes that operator on one or more of the in-put tuples. The way the s
heduler works is a topi
for another paper. We will make the assumption here,though, that the s
heduler will always use availablepro
essor 
y
les in an optimal way with respe
t to im-proving QoS. This assumption is relevant to the loadshedding approa
h taken in this paper.As shown in Figure 1, the load shedder 
omponentof Aurora re
eives information on data rates and readsthe network des
ription from the 
atalog. If it dete
tsan overload in the system, it sheds load by insertingload redu
ing Drop operators into the running querynetwork. The 
hanges to the query plans are stored inthe 
atalog, thus, updating the network being exe
utedby the Aurora run-time. The load shedder 
an alsodetermine when Drop operators be
ome unne
essaryas data rates subside. In this 
ase, the query plans aremodi�ed to redu
e the amount of data being shed.3 The ProblemIn what follows, we explore te
hniques for s
alable loadshedding in Aurora. We model load shedding as theautomati
 insertion of additional load redu
ing opera-tors into a running network. A load redu
ing operatormust produ
e fewer output tuples than it gets as in-put. We 
all these drop operators (or just drops). Inthis paper, we 
onsider two fundamental types of dropoperators.1. Random Drop. This operator takes a single pa-rameter p that expresses the per
entage of tuplesthat should be dropped. This is implemented bytossing a 
oin that is weighted by p.2. Semanti
 Drop. This operator is essentially a�lter operator with a predi
ate whose sele
tivity
orresponds to 1�p and that dis
ards tuples withthe lowest utility.The load shedding pro
ess 
onsists of three funda-mental de
isions.

1. Determining when to shed load. The pro-
essing load of the query network needs to be 
on-tinuously evaluated. If there is overload, it shouldbe dete
ted qui
kly.2. Determining where to shed load. Tuples
an be dropped at any point in the pro
essingnetwork. Obviously, dropping them early avoidswasting work; however, be
ause a stream 
anfanout to multiple streams, an early drop mightadversely e�e
t too many appli
ations.3. Determining how mu
h load to shed. On
ewe have determined where to insert a drop oper-ator, we must de
ide the magnitude of that drop.In the 
ase of a random drop, this involves de-
iding on the per
entage of tuples to drop. In the
ase of a semanti
 drop, we must also de
ide whi
htuples to dis
ard (i.e., the form of the predi
ate).The general problem 
an be stated as follows. Weare given a pro
essing network N , a set of inputstreams I with 
ertain data arrival rates, and apro
essing 
apa
ity C for the system that runs N . LetN(I) indi
ate the network N operating on inputs I ,and Load(N(I)) represent the load as a fra
tion of thetotal 
apa
ity C that network N(I) presents. Loadshedding is typi
ally invoked when Load(N(I)) > C.The problem is to �nd a new network N 0 that isderived from network N by inserting drops alongexisting ar
s of N su
h that:minfUa

ura
y(N(I))� Ua

ura
y(N 0(I))g, andLoad(N 0(I)) < H � CUa

ura
y is the utility that is measured from theloss-toleran
e QoS graph, and the 
onstant H is theheadroom fa
tor whi
h indi
ates the per
entage of pro-
essing resour
es that 
an be used at steady state 1.Ua

ura
y(N(I)) represents the measured utility whenthere is no load shedding (i.e., there are no inserteddrops). Thus, Ua

ura
y(N(I)) � Ua

ura
y(N 0(I)) isthe loss of utility introdu
ed by load shedding. It isthis quantity that we want to minimize.We assume that the query network 
an be verylarge. We further assume that any pro
essor 
y
lesthat are re
overed by the load shedder will be usedsensibly by the s
heduler to improve the overload sit-uation thereby best improving the laten
y. We 
an,therefore, simply �gure out how mu
h 
apa
ity weneed to re
over and then produ
e a plan to do so. Thes
heduler will do the rest. We need not worry abouthow the 
y
les might be used. This de
oupling of thes
heduler and the load shedder is an important simpli-�
ation. By making this assumption, the load shedderwill not need to 
onsider laten
y QoS dire
tly.1The headroom is reserved to guard the system againstthrashing.



4 The AlgorithmsWe have developed a s
alable load shedding algorithmwith two variants, one for inserting random drops(namely, drop-based load shedder) and one for insert-ing semanti
 drops (namely, �lter-based load shedder).This se
tion �rst gives the overall stru
ture of the algo-rithms and then provides some detail on how we buildand use the fundamental data stru
tures to make thethree important de
isions in load shedding.4.1 Algorithm Stru
tureThe load shedder always operates in a loop, dete
t-ing important 
hanges to the load status and rea
tinga

ordingly.The �rst major a
tion in this loop is to inspe
t the
urrent load of the query network. A monitoring pro-
ess periodi
ally 
he
ks the load level 
ompared to theknown system 
apa
ity. We will 
all this the load eval-uation step.The load evaluation step �rst �gures out the 
ur-rent load of the network. For this, we do a simple
al
ulation that involves the 
urrent input rates, andthe operator 
osts and sele
tivities. This 
al
ulationhas two pie
es: the load 
reated by the 
urrent streamrates, whi
h we 
all the stream load (S); and the loaddue to any queues that may have built up sin
e thelast load evaluation step, whi
h we 
all the queue load(Q). The total load (T) is the sum of the two pie
es.If T > H � C, then the system is overloaded andload must be shed by inserting drops into the querynetwork. On the other hand, if T < H � C, then load
an be returned by removing drops that might havebeen inserted in previous steps.The next major a
tion in the load shedding algo-rithm is to determine what drops to insert and whereto put them. Our approa
h depends on a stati
 table
alled the Load Shedding Road Map (LSRM) that is
onstru
ted o�-line on
e for any given network. TheLSRM 
aptures a sequen
e of plans for a
hieving pro-gressively higher levels of load redu
tion. This meansthat determining the Drops to insert 
an be redu
edto a series of table lookups. The intuition behind thetable is whenever we want to redu
e the load by a par-ti
ular amount L, there will be a single best way to dothat. The best way to redu
e the load by L is to usethe stati
 plan generated for L. Su

essive rows of thetable in
rease the amount of load that is shed. Hen
e,the very last entry in the table provides the maximumlevel of savings while shedding all data from the net-work. Figure 2 illustrates the basi
 stru
ture of theLSRM.At run-time, when an overload is dete
ted, we usethe LSRM to �nd a plan for re
overing T �H �C pro-
essor 
y
les. Ea
h row in the table has an indi
ationof 
y
le savings. Ea
h table entry also 
ontains a planfor where to pla
e drop operators together with theirdrop amounts. Whenever load needs to be shed, all weneed to do is to sear
h the LSRM for the right amountof 
y
le savings. On
e we lo
ate the entry that saves

Drop Insertion Plan

QoS Cursors

ENTRY n

maximum savings

{0, 0, 0, ..., 0}

Cycle Savings

cursor

ENTRY 1

search when load is to be returned search when load is to be shedFigure 2: Load Shedding Road Map (LSRM)enough 
y
les, we adopt the plan stored in that row.As shown in Figure 2, we keep a 
ursor that indi-
ates whi
h row in the LSRM was used last. Later on,if additional load needs to be shed, the sear
h on theLSRM 
an begin at the 
ursor. On the other hand, ifthe load is ever determined to be within the headroombound and there are still Drops in the network (
ursoris non-zero), then the sear
h 
an be done in the reversedire
tion.4.2 Load Evaluation using Load CoeÆ
ientsWe now des
ribe our te
hniques to make the �rst of thethree de
isions in load shedding: when to shed load.Ea
h input to the network has an asso
iated load
oeÆ
ient that 
an be stati
ally 
omputed. The load
oeÆ
ient represents the number of pro
essor 
y
lesrequired to push a single input tuple through the net-work to the outputs. Consider the input stream Igiven in Figure 3, running through a simple query ofn pipelined operators and produ
ing an output streamO.
I O

s
c
s

c
s

c1

1

2

2

n

nFigure 3: Cal
ulating load 
oeÆ
ients for stream IAssume that ea
h operator i has an asso
iated 
ost
i (
y
les per tuple) and sele
tivity si. We assumethat su
h statisti
s 
an be gathered over some 
hara
-teristi
 run period. The load 
oeÆ
ient for input I is
omputed asL = nXi=1 (i�1Yj=1 sj) � 
i (1)for all n operators on a path from input I to the outputO. If an input has load 
oeÆ
ient L (in pro
essor
y
les per tuple) and input rate r (in tuples per timeunit), the a
tual run-time load for that input is L � r(
y
les per time unit). If there are m inputs, we 
an
ompute the total stream load S asS = mXi=1 Li � riLikewise, ea
h operator in the network has a pre-
omputed load 
oeÆ
ient whi
h represents the num-ber of pro
essor 
y
les required to push a single tuple



from that operator to the outputs 2. We use this 
o-eÆ
ient to 
al
ulate the 
ontribution of ea
h operatorto the total queue load Q. First, we de�ne a globalsystem parameter 
alledMELT RATE. This param-eter is a lower bound on how fast we want to melt (i.e.,shrink) the queues. It represents the queue length re-du
tion per time unit as a fra
tion of the 
urrent queuelength. An operator i with a load 
oeÆ
ient Li andqueue of length qi 
ontributes to the total queue loadbyMELT RATE �Li�qi. The queue load of all oper-ators are summed to 
al
ulate Q. Essentially, by hav-ing Q > 0, we 
ause an \overshedding" in the networkto melt the queues. After all the queues are melted,the load shedder will dis
over that the 
urrent level ofdropping 
an be redu
ed 
ausing some of the Drops tobe removed (or sele
tivity in
reased).
I
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c = 10

s = 1.0
c = 5Figure 4: Example query network with load 
oeÆ
ientsIn Figure 4, we provide an example query networkwith two 
ontinuous queries and two input streams.We present load 
oeÆ
ients for ea
h of the two inputstreams as well as load 
oeÆ
ients for ea
h operator inthe network. Note that all of these 
oeÆ
ients 
an be
omputed stati
ally. Later, the a
tual run-time load
an easily be 
al
ulated using these pre-
omputed 
oef-�
ients. For example, if it turns out that input streamsI1 and I2 have rates of 10 and 20 tuples per time unit,respe
tively, then the stream load of this network be-
omes S = 24:25 � 10 + 18:75 � 20 = 617:5 
y
les pertime unit. Additionally, if it turns out that operator 3has a queue of 50 tuples and operator 5 has a queue of100 tuples given that MELT RATE = 0:1, then thequeue load of this network be
omes Q = 0:1� (5�50+18:75�100) = 212:5. Thus, the total 
urrent load of thenetwork adds up to T = S +Q = 617:5 + 212:5 = 830
y
les per time unit. If this value is over the system'savailable 
apa
ity, then the load shedder must be in-voked.This se
tion 
on
ludes our 
overage of the load eval-uation step. We now des
ribe how we 
onstru
t anduse the LSRM in detail.4.3 The Load Shedding Road Map (LSRM)This subse
tion des
ribes our te
hniques to make thelast two de
isions in load shedding: where in the querynetwork and how mu
h load to shed.2Note that the formula for operator load 
oeÆ
ients is thesame as formula (1), ex
ept that index i of the outer sum startsfrom the operator index.

The LSRM is an ordered sequen
e of entries, ea
hof whi
h is a triple of the form:<Cy
le Savings CoeÆ
ients (CSC),Drop Insertion Plan (DIP),Per
ent Delivery Cursors (PDC)>The Drop Insertion Plan (DIP) is a set of drops thatwill be inserted at spe
i�
 points in the network. Cy-
le Savings CoeÆ
ients (CSC) is a list of input streamsthat will be a�e
ted by the plan along with their asso-
iated savings 
oeÆ
ients. CSC are used to determinehow many 
y
les will be saved along the path of ea
hinput stream if the 
orresponding DIP is adopted. Per-
ent Delivery Cursors (PDC) is a list of 
ursors for theloss-toleran
e QoS graphs, one for ea
h output. Theyindi
ate where the system will be running (in terms ofper
ent of tuple delivery) if the drop insertion plan isadopted.
set Drop Locations

insert Drop

take the least ratio

insert Filter

Drop−Based LS Filter−Based LS

how much to drop?

take the least ratio

determine predicate

create LSRM entry

how much to drop?

create LSRM entry

compute & sort Loss/Gain ratios

Figure 5: LSRM Constru
tionFigure 5 shows the steps followed in the 
onstru
-tion of the LSRM. In this se
tion, we will des
ribethese steps one by one.4.3.1 Drop Lo
ationsThe basi
 prin
iple behind the 
onstru
tion of theLSRM is that ea
h entry in the table must guaranteethat the utility sa
ri�
ed by adopting its DIP is theminimum that 
ould be a
hieved to save the numberof 
y
les promised in its CSC. For this, the amount ofutility loss on the loss-toleran
e QoS graphs must beminimized. Additionally, the number of 
y
les gainedmust be maximized. Hen
e, when 
reating a newLSRM entry, the 
riteria for 
hoosing the best DIPamong many possible ones is to sele
t the one withthe minimum Loss/Gain ratio. (We further dis
uss
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andidate droplo
ationsthis ratio in the next subse
tion.)The sear
h spa
e for all possible DIPs may seemvery large at �rst. However, it 
an be dramati
ally re-du
ed by exploiting several heuristi
s. We will dis
ussthese using the query network in Figure 6. This net-work 
onsists of two input streams and three queries.Ea
h query has a loss-toleran
e QoS atta
hed to itsoutput. Smaller boxes marked with letters show 
an-didate lo
ations for drops.First, 
onsider a query plan whi
h has no sharingwith others. In a network that 
ontains su
h a plan, adrop insertion to any lo
ation in that query does nota�e
t the other queries. Hen
e, the utility loss is onlyobserved at the output that belongs to that query plan.For example, in Figure 6, the bottom-most query hasno sharing with the top two. Furthermore, it is bestto insert drops as early in the query plan as possible.The 
loser a drop operator to the inputs, the more
y
les it saves. Therefore, if we ever want to insertdrop to a query plan whi
h has no sharing with otherquery plans, the lo
ation for that drop is always atthe beginning of the query plan. Hen
e, the small boxmarked with F is the lo
ation of the drop in the bottomquery.Now 
onsider a query network with sharing. Shar-ing o

urs when the output of an operator fans outto more than one downstream operator, whi
h furtherlead to di�erent outputs. This is observed at oper-ator 1 in Figure 6. Any tuple 
oming out of opera-tor 1 would be routed to both outputs O1 and O2.Hen
e, a drop operator inserted upstream from oper-ator 1 would a�e
t both outputs. Therefore, for thetop subnetwork in Figure 6, there are three possibleways that the output utilities are a�e
ted by a drop:we may lose utility at only O1 if we insert the drop atB; or at only O2 if we insert it at D; or at both O1and O2 if we insert it at A. As a result, if we ever wantto insert drops in a query network whi
h has sharing,the possible lo
ations where we 
an insert them aredetermined by the di�erent output 
ombinations thatare a�e
ted. Note that our previous rule of thumb stillholds making C, E, G, and H not desirable for insertingdrops.Thus, the possible Drop lo
ations are at Aurora in-puts or on ar
s that follow a split (i.e., A, B, D, F) . Forea
h su
h lo
ation, we need to 
ompute the Loss/Gain

Output
DROP

p = x
cost = D

R

L

Query SubnetworkFigure 7: Insertion of a dropratios as des
ribed in the next se
tion.4.3.2 Loss/Gain RatiosLoss/Gain ratios allow us to sort the possible drop lo-
ations by their desirability as 
andidates. In this ra-tio, Loss refers to utility loss from loss-toleran
e QoSfor ea
h per
entage of tuples dropped. Gain refersto pro
essor 
y
les gained for ea
h per
entage of tu-ples dropped. Consider the simple example in Figure7, where a drop operator has been inserted upstreamfrom a query subnetwork. R is the input rate 
owinginto the drop, x is the drop per
entage, D is the 
ostof the drop operator itself, and L is the load 
oeÆ
ientof the subnetwork. The gain from inserting this dropis: G(x) = (R � (x � L�D) if x > 00 otherwiseAssume the loss-toleran
e utility fun
tion of the af-fe
ted output is given as U(x). The Loss/Gain ratiois then: �dU(x)=dxdG(x)=dx = negative slope of U(x)R � LAlso, to guarantee G(x) > 0, i.e., the gain from dropinsertion is more than its 
ost, we must ensure (perabove formula for G(x)) that x > DL .Ea
h drop amount must be in in
rements of aSTEP SIZE parameter to guarantee that the dropis worth inserting. For this purpose, we de�ne aSTEP SIZE parameter as STEP SIZE > DminfLg .This is a 
onservative bound whereminfLg is the min-imum operator load 
oeÆ
ient in the network. We usethis minimum value so that the 
hosen STEP SIZEwill work for all lo
ations in the network.One important observation to make is that sin
e weare sorting Loss/Gain ratios, absolute values of datarates are not needed. Rather, it is enough to knowtheir proportions. Hen
e, if statisti
s on rate propor-tions are available Gain values 
an be 
omputed stat-i
ally.Loss is to be determined by using the loss-toleran
eQoS graph. In our example, the QoS graph of lo
ationB, D, F are the same as that of O1, O2, and O3, respe
-tively. The QoS of lo
ation A is the 
umulative QoSfrom O1 and O2 and is obtained by summing the QoSfun
tions of both of these outputs. Ea
h drop lo
ationmay have as many di�erent Loss/Gain ratios as thereare di�erent fun
tion pie
es in its QoS graph. For ex-ample, the per
ent loss for lo
ation F is (1 � 0:7)=50for the �rst pie
e of the QoS fun
tion, whereas it is(0:7 � 0)=50 for the se
ond pie
e. Furthermore, it isalways guaranteed that Loss/Gain ratio in
reases as



we move from 100% to 0%. This is a result of our
on
aveness assumption mentioned earlier.On
e the drop lo
ations and their Loss/Gain ra-tios are �xed, they are then sorted in as
ending orderby their Loss/Gain ratios (Figure 5). The entries ofthe LSRM are 
reated by pro
essing the drop lo
a-tions in this order guaranteeing that ea
h new entry isbuilt using the smallest possible Loss/Gain ratio. Boththe drop-based and the �lter-based load shedding al-gorithm use these ratios in LSRM 
onstru
tion. Wenext des
ribe in detail how LSRM entries are 
reatedfor these algorithms.4.3.3 LSRM for Drop-Based Load SheddingLSRM entries are 
reated in
rementally with ea
h newentry 
hoosing the drop lo
ation with the next smallestLoss/Gain ratio. This pro
essing involves two mainsteps:Determining how mu
h to drop. First, the dropparameter p whi
h denotes the per
entage of tuples tobe dropped has to be determined. The drop lo
ationthat we are pro
essing has a 
ertain Loss/Gain ra-tio, outputs a�e
ted by it and the 
orresponding QoSgraph. This Loss/Gain ratio a

ounts for a parti
-ular range of per
entages on the loss-toleran
e QoSgraph where the 
urve is linear. For example, in Fig-ure 6, F's smaller ratio 
overs the range from 100% to50%. Therefore, the drops that we will 
reate have to
over this range. As mentioned in the previous sub-se
tion, ea
h drop amount is applied in in
rements ofa STEP SIZE. The value for this parameter a�e
tsthe granularity of the entries of the LSRM. It 
ould be
hosen as large as the width of the range (in our exam-ple, 100�50 = 50). However, it is usually desirable to
hoose this value smaller so that the LSRM provides alarger 
hoi
e of 
y
le savings (i.e., more entries). Thisfurther provides for a �ne-tuned load shedding. If theQoS has a per
ent delivery 
ursor at x, we will 
hoosethe new drop amount su
h that the 
ursor will moveto x � STEP SIZE. The new drop amount will bep = 1� (x � STEP SIZE)=x.Pla
ing the drop in the network. After p is de-termined, a drop operator 
an be 
reated for the des-ignated drop lo
ation. We 
annot insert this drop di-re
tly be
ause there may be other drops in the samequery plan as the new one that were 
reated during anearlier step. In this 
ase, a 
ombination of their dropamounts will determine the number of tuples droppedat the output. This may require that we modify p insome of these drops to a
hieve the desired tuple per-
entage at the output. This is be
ause the LSRM is
onstru
ted without any knowledge of how the dropswill or will not intera
t.For example, if we were to insert a drop with p = kat A in Figure 6, and B already had a drop with p = lwhere l � k, then the drop at B be
omes redundant.However, if l > k, then B's per
entage must be re-du
ed to produ
e a total per
entage of l at the out-put. In other words, drops' per
entages must be ad-justed su
h that the output has a per
entage drop of

interval ui fi wi ni0-50 0.2 0.4 0.08 0.08/0.68 = 0.1251-100 1 0.6 0.6 0.6/0.68 = 0.88Table 1: Example value intervalsmax(k; l). This way, the drop insertion de
ision madein an earlier step is maintained while the new de
i-sion is being applied. Our solution to this problemis to pretend that we are inserting the new drop atthe output. We then push it towards its desired droplo
ation, �xing the per
entages of the drops that areen
ountered along the way.All drop operators 
reated sin
e the beginning withtheir modi�ed per
entages form the DIP of our newLSRM entry. Additionally, we 
ompute CSC for ea
hstream that sends tuples to the drops in the DIP. Fi-nally, QoS 
ursors of the a�e
ted outputs are advan
edand stored in PDC. The next iteration of the loop takesthe 
urrent DIP and builds upon it. This way, ea
hLSRM entry has more savings than the previous one.4.3.4 LSRM for Filter-Based Load SheddingLSRM entries for the �lter-based load shedder are 
re-ated in almost the same way as for the drop-based one.The major di�eren
e is that we need to 
reate seman-ti
 drops with proper predi
ates whi
h will provide usthe desired level of load shedding. Furthermore, thepredi
ate must be �ltering out the least valuable datavalues.Determining how mu
h to drop. We developed ate
hnique whi
h enables us to follow the same methodto determine the drop amount, as the one des
ribedfor the drop-based load shedder. Our approa
h derivesthe loss-toleran
e QoS graph from a given value-basedQoS graph. In this way, the derived loss-toleran
e QoSgraph 
aptures the value utility information and 
anbe safely used for de
iding Loss/Gain ratios and hen
ehow mu
h and at whi
h lo
ations to drop data. Wenow explain this te
hnique with an example.Deriving the loss-toleran
e QoS. For the purposesof this study, we restri
t value-based QoS graphs tobe pie
e-wise linear fun
tions. For simpli
ity, assumethat values in ea
h interval have a 
onstant utility,i.e., the assigned linear fun
tion for interval i is in theform of y = ui. Assume also that we have at handthe output data value histograms for ea
h of the inter-vals spe
i�ed in the QoS graph. Su
h histograms are
ommonly 
reated in 
onventional DBMS's to assistin query pro
essing. Ea
h su
h histogram shows therelative frequen
y of ea
h interval. Using a histogramand a value-based QoS graph, we 
an produ
e a loss-toleran
e QoS graph as des
ribed below. We use thefollowing notation:ui : utility of values in interval ifi : relative frequen
y of values in interval i, P fi = 1wi : weighted utility of values in interval i, wi = ui � fini : normalized utility of values in interval i, (ni = wiP wi )We order the value intervals based on their ui valuein as
ending order and store them in a table together
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Figure 8: Derivation of the loss-toleran
e QoSwith their ui, fi, and ni values. Table 1 illustratessu
h a table with two value intervals.The derivation relies on the fa
t that given a value-based QoS, if we needed to drop some tuples, we wouldalways start dropping from the lowest utility interval(hen
e the table is ordered on ui). When we drop allvalues in an interval with normalized utility ni, thenour utility drops to 1�ni. Using the relative frequen
yfi, we 
an infer that dropping values of i will lead us todrop about fi � 100 per
ent of the tuples. Therefore,while tuple utility of 100% is 1, the tuple utility of(100 � fi � 100)% drops to 1 � ni. The utility valuesfor the per
entages in the range (100; fi�100) de
reaselinearly.Consider the simple example in Figure 8. An his-togram for two value intervals and a value-based QoSare provided. Our goal is to generate a loss-toleran
eQoS from these two. Noti
e that the �rst value intervalmakes up the 40% of the values and has a normalizedutility of 0.12 (see Table 1). This means that whenwe drop 40% of the tuples, our utility drops from 1 to1� 0:12 = 0:88. Therefore, the point (60, 0.88) is thein
e
tion point at whi
h the utility fun
tion and hen
ethe slope 
hanges. This leads us to the loss toleran
egraph in the Figure 8.Note that this method is straightforward for 
on-stant interval utilities. For non-
onstant linear utilityfun
tions, we simply de�ne a 
hunk size and assumethat ea
h load shedding step will drop data amountsin multiples of a 
hunk. Hen
e, the values in the same
hunk 
an be assumed to have the average utility ofthat pie
e of the utility fun
tions.Determining the predi
ate for �lter. There is apre-determined order for dropping value intervals im-posed by their utilities. We guarantee this by keepinga sorted list of intervals in as
ending order of their util-ities. The 
ursor on the loss toleran
e QoS graph, sayx, indi
ates how mu
h of the data we already dropped.Ea
h time we need to drop an additional k per
ent ofthe tuples, we lo
ate the right entry in the intervaltable based on relative frequen
y of the intervals.Consider the example we presented in Figure 8. As-sume that x is 100, i.e., we have not dropped any tuplesyet. Assume also that the algorithm has de
ided todrop 20% of the tuples. Interval [0, 50℄ has a per
ent-age of 40% and it is the smallest utility interval that wehave not dropped from before. We should drop 20%from interval [0, 50℄, i.e., half the data in this interval3. The interval to be dropped will be 0 � value < 253Any 50% of this interval 
ould be dropped. However, werestri
t our �lter predi
ates to be range predi
ates. Therefore,

and the predi
ate for the �lter operator to be insertedwill be value � 25. If we needed to drop 70%, then in-terval [0, 50℄ would not be suÆ
ient. We would have todrop all of interval [0, 50℄ plus half of the interval [51,100℄. Hen
e, the �lter predi
ate would be value � 75.Pla
ing the �lter in the network. This step isalmost the same as the one for drop-based load shed-ding. One additional issue here is that, when a �lteris inserted to a query network, sele
tivities of the op-erators downstream from this �lter may 
hange. Tohandle this, we sweep the network on
e starting fromthe new �lter to update the sele
tivities.4.3.5 Query Networks with JoinsDue to spa
e limitations, we 
an only brie
y tou
hon the issues that join operators introdu
e for loadshedding. Sampling te
hniques for approximate joinpro
essing has been explored in previous work [3℄ andis known to be a hard problem. Our drop-based loadshedding te
hnique is also a sampling-based te
hniqueand does not work well with joins. However, our �lter-based load shedding te
hnique 
an be applied to querynetworks with equi-joins. The join predi
ate must beon a 
ommon attribute of two streams and value-basedQoS graphs must be de�ned on the value range of thisattribute. If the join is a windowed one 4, then addi-tional issues may arise.When a �lter is pushed a
ross a windowed join, thesele
tivity of operators downstream from the join (in-
luding the join itself) may 
hange. This 
hange maybe arbitrary if the window size is small. We mightknow that input streams to the join have a uniformvalue distribution. However, join 
orrelates tuples thatappear at most a window apart in its inputs (to avoidblo
king and in�nite bu�ering). If this window is notlarge enough, then the distribution of values in a win-dow 
an not be assumed to be uniform. Hen
e, sele
-tivity estimation be
omes a problem. Our 
urrent im-plementation works for long window sizes, for whi
h we
an easily estimate 
hanges to operator sele
tivities.We do have a design to handle short windows whi
hrelies on keeping histograms to maintain sele
tivities.We hope to present this approa
h and its results in afuture paper.5 Experimental Setup5.1 The SimulatorTo experiment on our algorithms, we implemented aquery network simulator using the CSIM18 SimulationEngine [16℄. We de�ned our main resour
e, the CPU,as a CSIM fa
ility with a round robin servi
e poli
y.With this poli
y, ea
h pro
ess that requests to use theCPU is given a 
onstant time sli
e in turn.We modeled ea
h query operator in the network,whi
h has one or more input tuples in its input queue,using a CSIM pro
ess. Pro
essing of a tuple by anwe drop 
ontiguous data values from beginning of the intervalto its end.4We 
onsider time-based windows here.



operator is simulated by allowing the CSIM pro
essto use the CPU fa
ility for an amount of time equalto the 
ost for that operator. Operator semanti
s areapplied to the input tuples, and the output tuples arequeued at the inputs of their su

essor operators.We also have a monitoring pro
ess, whi
h wakesup periodi
ally to evaluate the load. Additionally, we
reated one pro
ess to simulate ea
h input data streamarriving at the query network. The input rates aresimulated by 
ontrolling the tuple inter-arrival time.5.2 Workload GenerationQuery Networks. To generate our test networks,we implemented a random query network generator.First, we de
ide on how many appli
ations we wantto deliver data to (i.e., the number of queries in thenetwork), say N . Then, we de
ide on the number ofoperator levels ea
h query will have (i.e., the depth ofthe tree representing the query), say L. We then 
reatea two-dimensional grid of operators of size Lx(2L �N)5. To 
reate a query, we �rst 
reate its very last oper-ator. This operator is pla
ed in the last 
olumn of thegrid. Ea
h 
olumn of the grid forms a level of opera-tors from whi
h we 
an 
hoose a random operator to
onne
t to the previous level. Starting from the out-put end, when we pro
ess all the 
olumns ba
kwardsuntil we rea
h the input end. At this point a query hasbeen generated. Lastly, we atta
h the query to one ormore input streams.We 
an adjust the relative proportions of operatortypes in the network by 
hanging their probabilities ofbeing 
hosen at ea
h level. We 
an also 
ontrol thenumber of splits, i.e., points where an operator's out-put is 
onne
ted to more than one operators' inputs.For ea
h �lter operator, we also generate a �lterpredi
ate and assign its sele
tivity. We assume uni-form input data distributions to simplify the estima-tion of sele
tivities. The predi
ates are simple 
om-parison predi
ates of the form value > 
onstant. Ea
hoperator type has a �xed 
ost. We assume that dropoperators are relatively 
heaper than others.Streams. We use streams of integers whose values are
hosen randomly from the range [0; 100℄. We generatestreams with a 
onstant mean inter-arrival time.Quality of Servi
e. Our main QoS graph is thevalue-based QoS graph. Given that and the outputvalue histograms, we generate the loss-toleran
e QoSgraph. We use two di�erent value intervals in our ex-periments. Interval [0, 50℄ has a lower utility thaninterval [51, 100℄, whi
h always has a utility of 1. Theutility of the �rst interval is assigned randomly usinga Zipf distribution. Using this distribution, we 
an
ontrol the skewedness of utility values relative to these
ond (higher) utility interval.5.3 Evaluating UtilitiesWe use two metri
s to evaluate the utility of a queryoutput. Tuple utility refers to the utility based on the5This is the maximum size of the grid when it only 
onsistsof binary operators.

loss-toleran
e QoS graph. Value utility refers to theutility based on the value-based QoS graph. The fol-lowing formulas are used to 
ompute these utilities:Tuple Utility = Pki=1 ui�niPki=1 ni , wherek: number of epo
hs 6ni: number of tuples seen in epo
h i (Pki=1 ni = n)ui: loss-toleran
e utility of ea
h tuple during epo
h iValue Utility = Pni=1 f 0i�uiPni=1 fi�ui , wherefi: relative frequen
y of tuples in value interval i w/o dropsf 0i : frequen
y of tuples for value interval i w/ drops relativeto the total number of tuplesui: average value utility for value interval iOverall utility of a query network in the presen
e ofmultiple queries is 
omputed by taking a sum of indi-vidual utilities for ea
h query.6 Experiments6.1 Admission Control AlgorithmsIn addition to our drop-based (Drop-LS), and the�lter-based (Filter-LS) load shedding algorithms, wehave also developed two other algorithms that e�e
-tively simulate 
lassi
al admission 
ontrol. Neither al-gorithm takes QoS information into a

ount. Rather,they shed load at the network inputs as ne
essary.Input-Random. When an ex
ess of load, �L, isdete
ted, this algorithm randomly sele
ts one inputstream and sheds suÆ
ient load on that stream to
ompensate for �L. If shedding all the data from the
hosen input does not suÆ
e, we sele
t another inputstream and repeat the same step for the remainder ex-
ess load. We also implemented a variant of this algo-rithm, namely Input-Cost-Top. It sele
ts the most
ostly input stream (i.e., the one with the highest loadshare) instead of a random one.Input-Uniform. Rather than 
hoosing streams oneat-a-time, this algorithm distributes the ex
ess loadevenly a
ross all input streams, attempting to shedthe same amount of load from ea
h. If an input stream
annot provide its share of 
y
le gains, then the extraamount is distributed evenly to the other inputs. Avariant of this algorithm, Input-Cost-Uniform dis-tributes ex
ess load a
ross all input streams weightedby their 
osts.6.2 Experimental DataFor the experiments presented in the following sub-se
tions, we used a network with 5 queries. The querynetwork 
onsists of 47 operators, 34 of whi
h are �lters,and the rest are unions. There is no sharing among thequeries. The number of input streams is 18. The meaninput rate for these streams vary between 122% and407% of system 
apa
ity, representing an ex
ess loadbetween +22% to +307% of the system 
apa
ity. Theresults reported for the input-random algorithm areaverages of four di�erent runs.6An epo
h is the time period during whi
h same per
entageof tuples are being re
eived.
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Figure 9: Tuple Utility Loss vs. Mean RateOur �rst experiment quanti�es the loss in tuple util-ity for di�erent load shedding s
hemes and for varyingoverload levels. Di�erent load levels are 
hara
terizedby di�erent mean rates for the input streams. Meanrate is de�ned as the mean number of tuple arrivalsper time unit at ea
h input stream in the network.As shown in Figure 9, all algorithms are 
learlynegatively a�e
ted by in
reasing input rates. Be
ausethe system has �xed 
apa
ity, the per
entage of tuplesthat need to be dropped in
reases with in
reasing in-put rates, thereby, de
reasing the loss-toleran
e utilityof the system.As expe
ted, we observe that the two QoS-driven al-gorithms perform mu
h better than the admission 
on-trol algorithms. They follow a similar pattern, whi
his not surprising as they make their de
isions based onthe same tuple-QoS graph (generated from the samevalue-QoS graph). Utility loss for �lter-ls is observedto be less than drop-ls by a 
onstant amount. This isa result of information in the output value histogramsthat �lter-ls 
an exploit whereas drop-ls 
an not. Sin
esome of the input tuples are �ltered out by the �lteroperators before they rea
h the outputs, they show upin the input streams but not in the output. Thoseare the tuples that should be dropped from the inputin the �rst pla
e. They save 
y
les without 
ausingany utility loss at the output. Filter-ls 
an 
apturethis with a predi
ate, but drop-ls is only allowed todrop random tuples. The 
onstant utility di�eren
ebetween the two 
urves amounts to this free 
y
le gainin �lter-ls at no utility loss.The input-random and input-
ost-top algorithmsperform poorly 
ompared to others, in
urring rela-tively higher utility losses for all input rates. An in-teresting result is that, for smaller input rates, theinput-random algorithm performs 
omparably to theinput-uniform algorithms.Be
ause input-uniform spreads tuple drops uni-formly a
ross the appli
ations, for low ex
ess loads,all appli
ations 
an manage to remain at the top, rel-atively 
at portions of their tuple-QoS graphs. Within
reased load, as shown in Figure 9, this situation


hanges and we start observing the bene�ts of the QoS-driven algorithms over the input-uniform algorithm.Weighting drops from input streams based on their
osts did not help mu
h and almost performs exa
tlythe same as input-uniform for low ex
ess loads.6.4 Value Utility Loss
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Figure 10: Value Utility Loss vs. Mean RateWe now investigate the loss in value utility for di�er-ent algorithms and di�erent levels of input rates. Ourprimary goal is to quantify the semanti
 utility gainswe 
an a
hieve by exploiting information present inthe value-QoS graph. The previous set of experimentsdid not 
onsider the value-QoS graph. We, therefore,
ompare our value-based algorithm against others thatdo not utilize su
h semanti
 information.Figure 10 
learly demonstrates that the semanti
drop algorithm signi�
antly outperforms the other ap-proa
hes. Note that drop-ls does not seem to provideany bene�t over the admission 
ontrol algorithms inthis 
ase. In fa
t, it seems to perform somewhat worsethan the others in lower ex
ess loads. This interestingbehavior 
ould be a result of using the value-based QoSto derive the loss-toleran
e QoS whi
h is then used bydrop-ls. This derivation assumes that the least util-ity value intervals will be dropped the �rst. However,drop-ls drops random tuples. It would thus be morefair to use the tuple utility loss (as opposed to valueutility) to 
ompare the algorithms that drop randomlyrather than semanti
ally ( i.e., admission 
ontrol algo-rithms and drop-ls) as we did in the previous experi-ment.6.5 E�e
t of Utility SkewIn the s
enarios we 
onsidered so far, the utility valuesfor the �rst data intervals of di�erent outputs were uni-formly distributed. (Remember that the utility valueof the se
ond interval is taken as 1 for all the outputs.)In order to 
hara
terize the impa
t of skewed utilitydistributions for di�erent outputs, we devise a s
enariowhere we inje
t skew to the utility values for data in-terval 1. We use a Zipf distribution to generate theutility values and use the Zipf parameter � to 
ontrolthe skew. For low skew values, the utility values are
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Figure 11: Value Utility Loss for Drop-LS/Value UtilityLoss for Filter-LS vs. Skew in Utilitymore evenly distributed. For higher values, low utili-ties have higher probability of o

urren
e. Hen
e, weexpe
t that with high skew, value-based dropping willperform mu
h better than the randomized drop-basedapproa
h. The rationale is that the latter will tendto drop high utility tuples, whereas the former will beable to �ne-sele
t the lower utility tuples for dropping.We now demonstrate the e�e
t of skew on utilityloss for drops and �lters for di�erent values of meaninput rates. Figure 11 illustrates our results. On the y-axis, we show the ratio of the value utility loss 
omingfrom the drop-based algorithm to that 
oming fromthe �lter-based algorithm. As we hypothesized, as theskew gets larger, the �lter algorithm gets more e�e
tive
ompared to the drop algorithm. Interestingly, as theinput rates in
rease, this e�e
t tends to diminish. Thereason is that when the rates are suÆ
iently high, the�lter algorithm will too have to start dropping tuplesfrom the higher utility value interval.7 Related WorkThe 
ongestion 
ontrol problem in data networks [18℄is relevant to Aurora and its load shedding me
hanism.Load shedding in networks typi
ally involves droppingindividual pa
kets randomly, based on timestamps,or using (appli
ation-spe
i�ed) priority bits. Despite
on
eptual similarities, there are also some fundamen-tal di�eren
es between network load shedding and Au-rora load shedding. First, unlike network load shed-ding whi
h is inherently distributed, Aurora is aware ofthe entire system state and 
an potentially make moreintelligent shedding de
isions. Se
ond, Aurora usesQoS information provided by the external appli
ationsto trigger and guide load shedding. Third, Aurora's se-manti
 load shedding approa
h not only attempts tominimize the degradation in overall (a

ura
y-based)system utility, but also quanti�es the impre
ision dueto dropped tuples.Real-time databases, whi
h support the enfor
e-ment of timing 
onstraints on transa
tions, also re-quire e�e
tive overload management. The typi
al so-lution is to abort transa
tions that are not expe
tedto meet their deadlines, or perform feasibility analysis

and reje
t any new transa
tions that are not deemedfeasible [13, 15℄. This 
an be regarded as a simple formof load shedding where shedding units are individualtransa
tions and shedding happens only at the systeminput boundaries. Aurora's load shedding approa
his �ner-grained sin
e we are dealing with individualtuples and dropping 
an be performed at any pla
einside the operator network. Furthermore, Aurora'sload shedding is driven by the ultimate goal of maxi-mizing the aggregate a

ura
y-based QoS per
eived bythe appli
ations, requiring reasoning about the datavalues and pro
essing that happens inside the Auroranetwork.Aurora load shedding is also related to approximatequery answering, data redu
tion, and summary te
h-niques (e.g., [14, 6, 4℄). These te
hniques trade resulta

ura
y for eÆ
ien
y of query exe
ution. Whereasmost work addressed traditional one-time databasequeries over stored data, more re
ent work also in-vestigated te
hniques for providing approximate an-swers to queries over data streams. [11℄ des
ribeshistogram-based te
hniques to 
ompute approximateanswers 
orrelated aggregation queries. [12℄ des
ribeswavelet-based te
hniques to 
ompute data summaries,whi
h are then used to provide approximate answersto ad-ho
 queries. [5℄ talks about the problem of sam-pling data from a moving window of re
ent items overdata streams.By throwing away data probabilisti
ally, Aurorabases its 
omputations on sampled data, e�e
tivelyprodu
ing approximate answers in a way that is fun
-tionally equivalent to data sampling. A similar sam-pling idea for a data stream management system issket
hed in the 
ontext of the STREAM proje
t [17℄.The unique aspe
t of our approa
h is that our sam-pling is driven by QoS spe
i�
ations that relate resulttuple values to utility.8 Summary and Con
lusionsIn this paper, we have des
ribed the general problemof shedding load in a stream data management systemby dis
arding tuples that have a the smallest impa
t onQoS. We dis
ussed the way in whi
h we dete
t an over-load, our me
hanism for dis
arding tuples (i.e., insert-ing drops), and a te
hnique for determining the properlo
ation and the right magnitude of the drops. Thekey feature of our solution is that most of the analysis
on
erning dropping strategies 
an be done stati
allyand 
aptured in a simple data stru
ture. The dynami
load shedding pro
ess involves a very 
heap use of thestati
 information. This te
hnique makes our solutionhighly s
alable.Also, our solution does not depend on the details ofthe s
heduling algorithm. Instead it assumes that any
y
les that are re
overed as a result of load sheddingare used sensibly by the s
heduler to relieve the 
on-gestion. This makes our solution mu
h more generalin that it works equally well with any good s
heduler.We have shown some experimental eviden
e thatour load shedding te
hniques outperform basi
 admis-



sion 
ontrol and its variants. We have also shownthat while our probabilisti
 dropping te
hnique 
ando fairly well, the method that takes tuple semanti
sinto a

ount 
an do even better. Our experiments also
learly show that as we in
rease the di�eren
e in im-portan
e between the most valuable tuples and theleast valuable tuples, semanti
 load shedding produ
esmore striking bene�ts. All of these results verify ourintuitions. The most 
ru
ial observation of this paperis that it is possible to design a low-overhead me
h-anism for putting these 
on
epts into pra
ti
e in the
ontext of a stream data manager.In the future, we will study ways to generalize thesemethods to in
lude more 
omplex operators as is sup-ported by the Aurora system. This in
ludes statefuloperators like aggregation. The e�e
t of pushing dropspast these operators has to be 
onsidered.In the 
urrent study, we have fo
used on load shed-ding to re
laim pro
essor 
y
les. In many stream-oriented appli
ations, 
y
les are not the limited re-sour
e. Often things like bandwidth or battery powerwill be the resour
es that must be 
onserved. Loadshedding via dropping of tuples has an important roleto play in these environments as well. We intend toinvestigate ways in whi
h we 
an design te
hniquessimilar to the ones dis
ussed here that 
an work forother kinds of resour
e management.Finally, in stream pro
essing appli
ations, opera-tors must avoid blo
king be
ause blo
king 
an obvi-ously destroy laten
y. Thus, it is reasonable to havean operator timeout before it is 
ertain that a seman-ti
 
ondition is rea
hed (e.g., emit an average beforeall the sto
k pri
es for the 3pm report have been re-
eived). On
e the timeout has happened, further tu-ples in the previously terminated 
ategory (e.g., 3pmreports) have no bene�t and 
an therefore be dis-
arded. This is a type of pre-planned load sheddingthat is needed when the data rates are to slow andtuples are delayed. We are interested in exploring therelationship between load shedding for high loads andload shedding (timeouts) for low loads. It would beinteresting to see if there is some 
ommonality that
ould be exploited.Referen
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