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Abstract in recent years [1, 2, 8], yet limited work has been done on
query optimization for such high volume stream process-
ing. Especially, to our knowledge, the core part of stream
query optimization, i.e., thevaluation modeglhas not been
systematically studied in this context.

With recent explosive growth of sensors and instruments,
large scale data-intensive and computation-intensive appli-
cations are emerging, especially in scientific fields. Helping
scientists to efficiently, even in real time, process queries o ]
over those large scale scientific streams thus has great de- AS infinite event sequences, data streams introduce new

mand. However, query optimization for high volume stream challenges to query plan selection. First, since cardinality is
applications— in particular its core component, thealu- not available for streams, the cardinality-based cost model

ation modet has not been systematically studied. We ob- 105€s its usefulness here. Second, queries may not complete
serve that evaluating stream query plans should consider"_"'th'” designated service time because bursty streams or
three aspectsoutput rate computation cosand memory ~ limited system resources.
consumption However, to our knowledge, no existing re- In response to these challenges, we propose a multi-
search on evaluating stream query plans consider all three model based stream query optimization framework that
metrics. In this paper, we propose a new combined opti- considers three metricgtput rate computation cosand
mization goal which leverages all these aspects and developnemory consumption Such a framework includes eval-
a multi-model based optimization framework to accomplish uation models to estimate three metrics respectively. As
this goal. Specifically, we build three models to evaluate a we will discuss in Section 3, our framework also consid-
plan’s output rate, computation cost and memory consump-€rs a system’s constraints on computation and memory re-
tion respectively. Based on such three models, we search fosources. When a system’s resource, either computation
an optimal plan while considering systems’s computation resource or memory resource, is insufficient to process a
resource and memory constraints. We also experimentallyquery within a designated service time, we reduce arrival
evaluate our optimization framework. rates by selectively dropping events. The selected plan is an
optimal or sub-optimal one at the new input rates.

We observed that three metrics are relevant, but they are
not dependent variables. For example, two equivalent plans

Recently, technological advancements that have drivenWith the same output rate may have different computation
down the price of handhelds, cameras, phones, sensors, aréPst. As shown in Figure 1, planA and planB are equiv-
other mobile devices, have benefited not only consumers bu@lent plans where nodes1(52), P and J represent op-
the computational science community. As a result, data-€rators of selection, projection and join respectively. The
driven computing is emerging, where computationally in- individual operator’s selectivitya) and cost () to process
tensive applications often need real-time responses to dat&n Unit event or event pairs are marked beside the operator.
streams from distributed locations. These streaming sourced he arrow lines denote intermediate streams whose rates are
can have vastly varying generation rates and event sizesmarked above the lines. Although these two plans have the
Responsiveness, i.e., the ability of a data-driven applica-S@me output rate,, planB’s computation cost df7430 is
tion to respond in a timely manner is critical. For instance, More thare8 times higher than planAs cost aft00. The
out-of-date analysis of beam luminosity data can be useles$ymbols used here are formally defined in Section 2, and the
or worse yet may mislead particle physicists. Therefore, computation formulas are discussed in Section 3.2. Similar
in practice, performance plays an important role in stream relationship exists in any pair of metrics. Due to the space
query processing. limitation, we will not enumerate all of them.

Stream query processing has been an active research area Therefore, stream query optimization should consider

1 Introduction
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Table 1. Terminology definition.

[input [D OOO0OH D] @ 2.2 Evaluation Model Terminology

Given two adjacent eventg ande;; in a stream which
arrive at timet; andt;;, separately, we defingtream Rate
Figure 2. Stream query processing model. rasr = 1/(tj41 — t;). Accordingly,r; andr, are the
input or outputStream Ratef the query respectively. A
the three metrics and have a combined optimization goal.query operator hasBrocessingRate r, which defines the
In response to this, we propose a new optimization goal humber of events that can be processed by this operator per
which considers all three metrics: output rate, computa- time unit.
tion cost and memory consumption. To accomplish such a  As stream data pass through networks and most process-
goal, we conduct a multi-model based optimization frame- ing occurs within main memorycomputation costand
work, which has three evaluation models to estimate eachmemory consumptioecome two major consumed re-
individual metric. Further, we implement our optimization sources. In our evaluation model, computation costs
framework in Calder [20], a grid enabled stream processingdefined as the amount GPU timespent processing events
system. in aUnit time. We usem; to denote memory consumption
The remainder of this paper is organized as follows: In fora JOIN operation. To compute the memory consump-
Section 2 we give preliminary definitions used in this paper. tion, we also define an event's sizedas .
Section 3 introduces our multi-model based optimization ~ We further use:, ¢, andc; to represent the computation
framework which includes an optimization goal, a search COSt to process a data event by selection, projection and join
algorithm and evaluation models. Section 4 reports experi-Operators respectively. As we will discuss in Section 3.2,
mental justification of the multi-model based stream query these costs are based on the unit egstandc,,,, where
optimization. Section 5 discusses related work and Sec-Csu IS the unit cost to compare a condition ang, is the

tion 6, future research plans. unit cost to copy an attribute.
Table 1 lists all the symbols defined in this section.

Input buffer Dataevent  Query processing engine

2 Preliminary Definition 3 Multi-Model Based Optimization

In this SeCtion, we Iay the groundwork with definitions 31 Optlmlzatlon Goal and Search Algorlthm
that will be used in this paper. . . ) o
As discussed in Section 1, our optimization framework

2.1 Stream Query Processing Model has a combined goal &nding a plan with maximum out-
put rate, minimum computation cost and minimum memory
consumption, while considering a system’s resources con-
straints. In the following, we discuss how we select a plan
satisfying such goal.

Resources consumed by stream processing include CPU
cycles and memory resource. Considering such two re-
source constraints, there are four different scenarios shown
in Table 2. In Scenario |, the system has sufficient resources
to process all the input data. Therefore, as discussed in [14],
the input events are fully processed and equivalent plans un-
der such scenario have the same output rate. Scenarios I,

A streamS is defined as a sequence of eventss {e;}
wherei is a monotonically increasing integer afd< i <
oo. An Eventis an atomic unit of data in the stream and the
counterpart to a tuple of a traditional database table. In the
stream processing system, queriesameatinuous query6]
which will remain in the engine for a period of time speci-
fied by the owner of the query and continuously evaluate in-
coming events. Similar to [10], oBtream Query Process-
ing Mode| shown in Figure 2, takes streams as input and
produces streams. Arocessing engin@olds continuous
gueries and processes stream data events sequentially.



Memory Memory 3.2.1 Evaluation Model for Computation Cost
sufficient | insufficient

CPU sufficient | Scenariol | Scenario Il
CPU insufficient| Scenario lll | Scenario IV

According to Table 1¢,, ¢, andc; denote the cost of se-

lection, projection and join operators respectively. In this

section, we first show how we compute them based on unit
Table 2. Four scenarios with constraints. selection and projection cost,, andc,,,. We further dis-

cuss how we compute a query plan’s cogt

Il and IV all face resource constraints of one form or an-  We know that there are mainly two ways to combine

other. Under these scenarios, we reduce streams’ input ratethe basic select conditions: ANB)Y or OR(). Therefore,

by selectively dropping input events to fit the system’s re- we only study the following two casescd1 A con2) and

source constraints. This techniques can be referredm@s  (conl V con2). More complex selection cases can be de-

pling [15], with which the output is not based on complete rived based on these two basic cases. The cost are shown

input set. However, as we drop events probabilistically, re- below, wherep is theTrue Value Probabilitywhich defines

sults are not biased. the probability ofconl beingtrue. We adopt the heuristic

Given a query, we can have many equivalent plans with rules discussed in [9] to estimate
different resource requirements. Hence, these equivalent

plans may belong to different scenarios for a specific sys- Cst = PH(CoutCou) + (1= p)* o
tem. Plans under scenario Il, Il and IV are facing resource = (I+p)*cou
shortages. As discussed above, we reduce input streams’ Csa = P*Csy+ (1 —p)*(Csu+ Csu)
rates by sampling input events to move these plans to sce- = (2—D)*Csu

nario |, where the system can provide adequate resource to
the plan. Then, based on our optimization goal. We first As for the projection’s implementation, each event
search for plans with maximum output rate, as output rate COmes into the processing engine and the engine copies the
indicates output completeness [14]. selected attributes into the output event. We defided

After we get a set of plans with the same maximum out- Projection Cost;,w as the cqst to copy one attribute. This
put rate, we intuitively want a plan with minimum com- cos’g can be varied for the attributes with d_|ﬁergnt data typgs.
putation cost and minimum memory consumption from the ‘ru IS assumed as the average vglue. W'th this assumption,
candidate set. However, in Section 1, we have pointed out® Projection operator with the attribute ligt;, a...a, ) has
that computation cost and memory consumption are inde-tN€ COSt; as:
pendent variables. The ideal plan with minimum values
on both metrics may not exist. For such dual-metric se- Unlike the selection and projection operators, join op-
lection, we rely on users’ preferences, which are specifiederator is a binary full-relation operator. That is, the join
when users submit queries. operation needs the presence of the full relations. However,

Based on above ana'ysiS, our search Strategy is Summaunlimited stream size makes traditional jOin algorithms not
rized below. We first search for plans with maximum output Suitable for stream query processing. Consequently, many
rates. Then we do further selection based on users’ preferStream query processing engines implement join operation
ence. If users believe CPU resource is tighter than memoryover a sliding window, instead of the full stream. Here, we
resource for their applications, we first find plans with min- ©nly discuss the join cost; of a pair of input events. The
imum computation cost, then within the selected plans find complete cost for a join operation implemented on sliding
the one with minimum memory consumption. Vice versa. Windows can be computed based gnand event passing
Note, if sampling is needed due to resource constraints, allfate discussed in Section 3.2.2.

computation is based on decreased input rates caused by Given the selectivity of a join operationis R > 5 is
events dropping. actually equal to;(,(R x S)). That is, join operation is

implemented based on selection and projection. Therefore,
_ the join operator'sComputation Costo process an event
3.2 Evaluation Models pair, ¢;, as defined in Section 2 should be:

Cp =N * Cpy

. L . Ci = Cgy + O %M % Cpy
Besides the optimization goal and search algorithms, / P

evaluation models are also indispensable for an optimiza- Once we have each operator’s computation cost for an
tion framework. An evaluation model defines a set of for- event or event pair, we can get each operator’s cost per time
mula to estimate a plan’s metrics. As we discussed in Sec-unit by multiply the operatoi’'s costc; with its input rater;.

tion 1, our framework considers three metrics: output rate, Further, we can sum these cost together to get a query plan’s
computation cost and memory consumption, therefore wecostC,, which reflects how much CPU time consumed by
have an evaluation model for each of them. the whole plan in a time unit.



Operator Output Rate
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Selectiont;,o) To = 0 man(r;, rp)
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3.2.2 Evaluation Model for Output Rate Table 3. Output rate estimations.

Viglas and Naughton [19] give a series of formulas to es-

timate the output rates for three basic query Operators: se- Therefore, the OUtpUt rate is the number of events divided
lection, projection and join. However, their model requires by the observation timg that is:

computing the solution to an integral which is not efficient

to evaluate a large number of query plans. Although they To = 2% (rixrgxtxTy,x0)/t

use rough heuristics to approximate integrals, this causes = 2%xr;4rgxTy %0

inaccurate estimations. Hence, we refine their models with
a new estimation techniques on the join operation.

The join operator is &inary Full-Relationoperation.
Traditional join algorithm does not work under streaming
guery processing scenario, where differ8titding Window
Basedjoin algorithms are applied. Th@utput Ratevaries 3.2.3 Evaluation Model for Memory Consumption
with different algorithms. In this paper, we study the join
operator that executes natural join over a time-based slid-As for memory consumption, we only consider memory
ing window [3], where the window siz&;, is defined by  used to keep state information. That is, we do not con-
the time interval. Other join implementations have similar sider the memory consumed for queueing events between
analysis. We plan to do more complete study for various operators. Within an SPJ query which is the focus of this
operator implementations in the future, as we will discuss paper, only theJOIN operator needs to maintain states to
in Section 6. join two input streams. Therefore, we only discuss memory

As shown in [17, 16], a time-based sliding window can consumption of join operators.
be implemented at low cost, and when tied to input stream  As for join implementation, we still follow the time-
rate, can be more intuitive for users than a count-based slid-hased sliding algorithm discussed in Section 3.2.2. Given
ing window, where the window size is defined as the number sjiding window size ag’,, on both sides, we will need mem-
of interested events. oryryxesy * T, andry xeso T}, On either side respectively,

Suppose two streams of everitsandS. R is composed  wherery, r, are input rates ands;, es, are event size of
of events;: R = {e;} and0 < i < oco. iisamonotonically  two input streams. Put them together, we will get the total

increasing number. Similarlyy = {e;} and0 < j < oo. memory needs of this join operator:
Further, suppose streafhas an input rate of, andS an

input rate ofr,.

There are-; x T, events at any time residing in the slid-
ing window of streamR andr, x T, events residing in the
sliding window of strean. Without loss of generality, we
take as the observation period the time intef¥glto + t].
During this periodyy xt events will arrive on stream R, each
of which will be joined by Cartesian product to all events in
streamS’s sliding window. Given the selectivity, those
joins generate * t * 7o * T, * o output events during the
observation interval. An event output from a join is a tuple
< e;,e; > Wheree; € S, e; € R. Examining this from 4.1 Experiment Setup
the side of strean% instead, with similar analysis we ob-
tainry x t x 1 % T, * o events output during the observation All the testing programs are written in C++. To simulate

Table 3 lists output rate estimations for three kinds of
basic operators.

mj = (r1 % esy * Tyy,) + (1o * esg * T),)

4 Experiments

In this section, we first experimentally evaluate our cost
model. Then, we show how our multi-model optimization
framework differentiate three logically equivalent plans.

intervalt. the system’s memory constraints, we use a global variable
Putting together, there are to count the consumed memory. When it reaches the limit,
we start dropping input events to simulate real memory con-
riktxrgx Ty xo+roxtxryxTyxo straints. As for the computation cost constraints, we simu-
=2%(r xroxt* Ty % 0) late that by adding the delay in the operators. The hardware

setup includes a dual processb8GHz workstation with

events generated during such an observation period. 2GB memory running RedHat Enterprise Linux(RHEL).
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Figure 3. Equivalent SPJ plans.

Operator| Selectivity | Computation Cost
Plan | Estimated Cost Real Cost J1 0.3 0.04ms
planA 9.458ms 5.654ms J2 0.3 0.025ms
planB 61.4ms 56ms J3 0.45 0.025ms
. J4 0.2 0.05ms
Table 4. Cost model evaluation. 75 0.9 0Ems
4.2 Evaluation of Cost Model J6 0.1 0.025ms

As discussed in Section 3, evaluation models are the ba-
sis of our optimization framework. Without accurate esti-

mation of plans’ metrics, we can not correctly choose an gysiem can provide it adequate computation and memory
optimal plan. Hence, we first experimentally evaluate our yesoyrces. Both planA and planC, which have resource re-
cost quel_by studying two_equwalent SPJ plans, which ar€quirements as2BM B, 1.06sec) and RQ10M B, 4.1sec) re-
shown in Figure 3. Three input streams, streaml, streamZ;eciively, fail to satisfy the computation cost constraints,

and stream3, are involved in this query. Their event for- yherefore, our framework will choose planB based on the
mats containl3, 8 and 12 name-value pairs respectively, gegrch algorithm discussed in Section 3.

plus a vector of data. All three input streams are generated \we run all three plans in the system with the resource

as the rate of cvent/sec and each input event has the size qngiraints as specified and measure output rates. Figure 5

of 0'5MB_' ) ) illustrates the results, from which we can see that planB has
We estimate the computation cost of two plans using the higher output rate. Therefore, planB is an optimal plan as
cost model introduced in Section 3.2.1. Meanwhile, we our framework expects.

measure two plans’ computation costs by recording all of
their operators’ processing time during an observation Pe-5  Related Work
riod of 7" = 60sec. In this experiment, we use a sliding

window size ofT%, = 10sec for both join operators. All Literature is rich with work on query optimization in
three input streams arrive at the rate ebent/sec. The es-  traditional databases [18, 12, 7]. However, traditional op-
timated costs and measured costs are compared in Table 4imization models are not appropriate for stream query

From the results, we can see that the plan yielding the low-processing because of the challenges raised by stream
est estimated cost, which is the one that would have beerprocessing, as discussed in Section 1.

chosen, has the lowest actual cost, too. These results gener- Several groups have contributed to the literature for

alize to otherSPJ queries which are not presented here. query Optimization in stream Systems_ STREAM [2] app"es

Our cost model not only correctly orders two plans, but Synopsis Sharing within a single query or among multi-
also aCCUrately shows the difference between two planS. queries_ NiagaraCQ [8] exp|oit5 incremental group Opti-
mization with expression signature. Borealis [1] has de-
signed the QoS based multi-level optimization framework
for a distributed stream query processing system. How-
ever, all three systems, plus [13, 5, 11], consider the com-
putation cost while evaluating a query plan. Viglas and

Table 5. Parameters of join operations.

4.3 Multi-Model Framework

In this experiment, we experimentally demonstrate that
the three metrics used in the multi-model framework are
necessary. Three equivalent multi-join plans are given
in Figure 4. The parameters of join operators and input

streams are listed in Table 5 and Table 6. These plans run Stream| Input Rate | Event Size

on a system which hax6.)/ B memory limitation. = Tevent/sec 1MB
Based on our evaluation models, we estimate each plan’s 2 Tevent/sec 20K B

needs of computation cost and memory. The result shows 3 0event /sec 5K B

that only planB, which require234M B memory and
0.42sec C' PU time per second, is under the scenariol: the

Table 6. Parameters of input streams.




100 [3] A. Arasu and J. Widom. Resource sharing in continu-

g 350 ous sliding-window aggregates. 89th VLDB Conference
R 2004.
g z;g ] [4] A. M. Ayad and J. F. Naughton. Static optimization of con-
% 150 junctive queries with sliding windows over infinite streams.
g 100 — In ACM SIGMOD international conference on Management
200 '7 of datg 2004.

0 |

[5] S. Babu, R. Motwani, K. Munagala, I. Nishizawa, and
J. Widom. Adaptive ordering of pipelined stream filters. In

Figure 5. Output rate comparisons. ACM SIGMOD international conference on Management of
data 2004.

[6] S. Babu and J. Widom. Continuous queries over data

streams SIGMOD Record30(3):109-120, 2001.

S. Chaudhuri. An overview of query optimization in rela-

pland planB planC

Naughton [19] consider the output rate in their rate-based
optimization model. Ayad and Naughton [4] recognized re- 7]

source cgnstraints while maximi;ing the; output rate, but do tional systems. IIPODS Conferencel 998.
not consider memory consumption which is an important [g] J. Chen, D. J. DeWitt, F. Tian, and Y. Wang. Niagaracq: A
metric for stream processing in the scientific applications. scalable continuous query system for internet databases. In
Our multi-model based optimization framework factors in SIGMOD Conferengepages 379-390, 2000.
three metrics: output rate, computation cost and memory [9] H. Garcia-Molina, J. D. Ullman, and J. WidonDatabase
consumption. System ImplementatiofPrentice-Hall, 2000.

[10] L. Golab and M. TOzsu. Issues in data stream management.
6 Conclusion and Future Work SIGMOD Rec.32(2):5-14, 2003.

[11] L. Golab and M. TOzsu. Update-pattern-aware modeling

In this paper, we present our multi-model based opti- and processing of continuous queries. ABM SIGMOD
international conference on Management of d&a05.

mlzatlon frame"Vor.k fqr stream query processing, which has [12] Y. E. loannidis. Query optimizationACM Comput. Sury.
a combined optimization goal and three evaluation models. 1996

With our framework, we can find an optimal plan not only ' [13] J. Kang, J. Naughton, and S. Viglas. Evaluating window
for the the system with adequate resources, but also for the joins over unbounded streams. Iht. Conf. on Data Engi-

system with resource constraints. neering (ICDE) 2003.
In our study for this multi-model based optimization [14] Y. Liu and B. Plale. _Query optimization for distributed data
framework, we also observed some open issues that war- _ Streams. I'Manuscript submitte2006.

15] R. Motwani, J. Widom, A. Arasu, B. Babcock, S. Babu,

rant further research. First, all above work is on a central- [ )
M. Datar, G. Manku, C. Olston, J. Rosenstein, and R. Varma.

ized system. However, because streams are distributed, a Query processing, resource management, and approximas-
fact that follows from wide-spread distribution of sensors, tion in a data stream management system’ CIBR Con-

a centralized stream data management system is likely to ference 2003. '

result in limited performance. Therefore, extending such a [16] B. Plale. Leveraging run time knowledge about event rates

multi-model query optimization framework to a distributed to improve memory utilization in wide area data stream fil-
environment is ongoing work. Second, this paper focuses tering. INIEEE HPDC Conferenge2002.

on thetime-based sliding windowlgorithm for join oper-  [17] B. Plale and N. Vijayakumar. Evaluation of rate-based adap-
ation. However, there are many other implementations and tivity in joining asynchronous data streams 18th IEEE In-
algorithms [3, 10, 21], e.g. count-based sliding window, ternational Parallel and Distributed Processing Symposium

(IPDPS) 2005.

[18] P. G. Selinger, M. M. Astrahan, D. D. Chamberlin, R. A.
Lorie, and T. G. Price. Access path selection in a rela-
tional database management system.SIGMOD Confer-

pipelined hash join and etc. We plan to conduct more com-
plete study on the rate/cost estimation of the operators with
various implementations and algorithms.

ence 1979.

References [19] S. D. Viglas and J. F. Naughton. Rate-based query opti-
mization for streaming information sources. $\GMOD
Conference2002.

[1] D. J. Abadi, Y. Ahmad, M. Balazinska, U. Cetintemel, [20]

! - N. Vijayakumar, Y. Liu, and B. Plale. Calder query grid
M. Cherniack, J.-H. Hwang, W. Lindner, A. S. Maskey,

service: Insights and experimental evaluations CIBGrid

A. Rasin, E. Ryvkina, N. Tatbul, Y. Xing, and S. Zdonik. Conference2006.

The Design of the Borealis Stream Processing Engine. In [21] A, N. Wilschut and P. M. G. Apers. Dataflow query exe-

CIDR Conference2005. cution in a parallel main-memory environmeiltistributed
[2] A. Arasu, B. Babcock, S. Babu, J. Cieslewicz, M. Datar, and Parallel Databaseg]_(l)lo:g_lzs, 1993.

K. Ito, R. Motwani, U. Srivastava, and J. Widom. Stream:
The stanford data stream management system.Ddta
Stream Managemeri2004.



