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Abstract

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
over those large scale scientific streams thus has great de-
mand. However, query optimization for high volume stream
applications– in particular its core component, theevalu-
ation model– has not been systematically studied. We ob-
serve that evaluating stream query plans should consider
three aspects:output rate, computation costand memory
consumption. However, to our knowledge, no existing re-
search on evaluating stream query plans consider all three
metrics. In this paper, we propose a new combined opti-
mization goal which leverages all these aspects and develop
a multi-model based optimization framework to accomplish
this goal. Specifically, we build three models to evaluate a
plan’s output rate, computation cost and memory consump-
tion respectively. Based on such three models, we search for
an optimal plan while considering systems’s computation
resource and memory constraints. We also experimentally
evaluate our optimization framework.

1 Introduction

Recently, technological advancements that have driven
down the price of handhelds, cameras, phones, sensors, and
other mobile devices, have benefited not only consumers but
the computational science community. As a result, data-
driven computing is emerging, where computationally in-
tensive applications often need real-time responses to data
streams from distributed locations. These streaming sources
can have vastly varying generation rates and event sizes.
Responsiveness, i.e., the ability of a data-driven applica-
tion to respond in a timely manner is critical. For instance,
out-of-date analysis of beam luminosity data can be useless
or worse yet may mislead particle physicists. Therefore,
in practice, performance plays an important role in stream
query processing.

Stream query processing has been an active research area

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., theevaluation model, has not been
systematically studied in this context.

As infinite event sequences, data streams introduce new
challenges to query plan selection. First, since cardinality is
not available for streams, the cardinality-based cost model
loses its usefulness here. Second, queries may not complete
within designated service time because bursty streams or
limited system resources.

In response to these challenges, we propose a multi-
model based stream query optimization framework that
considers three metrics:output rate, computation costand
memory consumption. Such a framework includes eval-
uation models to estimate three metrics respectively. As
we will discuss in Section 3, our framework also consid-
ers a system’s constraints on computation and memory re-
sources. When a system’s resource, either computation
resource or memory resource, is insufficient to process a
query within a designated service time, we reduce arrival
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
with the same output rate may have different computation
cost. As shown in Figure 1, planA and planB are equiv-
alent plans where nodesS1(S2), P and J represent op-
erators of selection, projection and join respectively. The
individual operator’s selectivity (σ) and cost (c) to process
an unit event or event pairs are marked beside the operator.
The arrow lines denote intermediate streams whose rates are
marked above the lines. Although these two plans have the
same output ratero, planB’s computation cost of67480 is
more than28 times higher than planA’s cost of2400. The
symbols used here are formally defined in Section 2, and the
computation formulas are discussed in Section 3.2. Similar
relationship exists in any pair of metrics. Due to the space
limitation, we will not enumerate all of them.

Therefore, stream query optimization should consider
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Figure 1. Plans with same output rate but dif-
ferent costs.
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Figure 2. Stream query processing model.

the three metrics and have a combined optimization goal.
In response to this, we propose a new optimization goal
which considers all three metrics: output rate, computa-
tion cost and memory consumption. To accomplish such a
goal, we conduct a multi-model based optimization frame-
work, which has three evaluation models to estimate each
individual metric. Further, we implement our optimization
framework in Calder [20], a grid enabled stream processing
system.

The remainder of this paper is organized as follows: In
Section 2 we give preliminary definitions used in this paper.
Section 3 introduces our multi-model based optimization
framework which includes an optimization goal, a search
algorithm and evaluation models. Section 4 reports experi-
mental justification of the multi-model based stream query
optimization. Section 5 discusses related work and Sec-
tion 6, future research plans.

2 Preliminary Definition

In this section, we lay the groundwork with definitions
that will be used in this paper.

2.1 Stream Query Processing Model

A streamS is defined as a sequence of events,S = {ei}
wherei is a monotonically increasing integer and0 < i <
∞. 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, queries arecontinuous query[6]
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], ourStream Query Process-
ing Model, shown in Figure 2, takes streams as input and
produces streams. Aprocessing engineholds continuous
queries and processes stream data events sequentially.

Terminology Symbol
Input Rate ri

Output Rate ro

Processing Rate rp

Cost for Unit Selection csu

Cost for Unit Projection cpu

Selection Cost per event cs

Projection Cost per event cp

Join Cost per event pair cj

Join Memory Consumption mj

Event Size es

Table 1. Terminology definition.

2.2 Evaluation Model Terminology

Given two adjacent eventsej andej+1 in a stream which
arrive at timetj andtj+1 separately, we defineStream Rate
r as r = 1/(tj+1 − tj). Accordingly, ri and ro are the
input or outputStream Rateof the query respectively. A
query operator has aProcessingRate rp which defines the
number of events that can be processed by this operator per
time unit.

As stream data pass through networks and most process-
ing occurs within main memory,computation costand
memory consumptionbecome two major consumed re-
sources. In our evaluation model, computation cost,c, is
defined as the amount ofCPU timespent processing events
in a Unit time. We usemj to denote memory consumption
for a JOIN operation. To compute the memory consump-
tion, we also define an event’s size ases.

We further usecs, cp andcj to represent the computation
cost to process a data event by selection, projection and join
operators respectively. As we will discuss in Section 3.2,
these costs are based on the unit costcsu and cpu, where
csu is the unit cost to compare a condition andcpu is the
unit cost to copy an attribute.

Table 1 lists all the symbols defined in this section.

3 Multi-Model Based Optimization

3.1 Optimization Goal and Search Algorithm

As discussed in Section 1, our optimization framework
has a combined goal asFinding 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 I, 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 II,
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Memory Memory
sufficient insufficient

CPU sufficient Scenario I Scenario II
CPU insufficient Scenario III Scenario IV

Table 2. Four scenarios with constraints.

III and IV all face resource constraints of one form or an-
other. Under these scenarios, we reduce streams’ input rates
by selectively dropping input events to fit the system’s re-
source constraints. This techniques can be referred assam-
pling [15], with which the output is not based on complete
input set. However, as we drop events probabilistically, re-
sults are not biased.

Given a query, we can have many equivalent plans with
different resource requirements. Hence, these equivalent
plans may belong to different scenarios for a specific sys-
tem. Plans under scenario II, III and IV are facing resource
shortages. As discussed above, we reduce input streams’
rates by sampling input events to move these plans to sce-
nario I, where the system can provide adequate resource to
the plan. Then, based on our optimization goal. We first
search for plans with maximum output rate, as output rate
indicates output completeness [14].

After we get a set of plans with the same maximum out-
put rate, we intuitively want a plan with minimum com-
putation cost and minimum memory consumption from the
candidate set. However, in Section 1, we have pointed out
that computation cost and memory consumption are inde-
pendent variables. The ideal plan with minimum values
on both metrics may not exist. For such dual-metric se-
lection, we rely on users’ preferences, which are specified
when users submit queries.

Based on above analysis, our search strategy is summa-
rized below. We first search for plans with maximum output
rates. Then we do further selection based on users’ prefer-
ence. If users believe CPU resource is tighter than memory
resource for their applications, we first find plans with min-
imum computation cost, then within the selected plans find
the one with minimum memory consumption. Vice versa.
Note, if sampling is needed due to resource constraints, all
computation is based on decreased input rates caused by
events dropping.

3.2 Evaluation Models

Besides the optimization goal and search algorithms,
evaluation models are also indispensable for an optimiza-
tion framework. An evaluation model defines a set of for-
mula to estimate a plan’s metrics. As we discussed in Sec-
tion 1, our framework considers three metrics: output rate,
computation cost and memory consumption, therefore we
have an evaluation model for each of them.

3.2.1 Evaluation Model for Computation Cost

According to Table 1,cs, cp andcj denote the cost of se-
lection, projection and join operators respectively. In this
section, we first show how we compute them based on unit
selection and projection costcsu andcpu. We further dis-
cuss how we compute a query plan’s costCq.

We know that there are mainly two ways to combine
the basic select conditions: AND(∧) or OR(∨). Therefore,
we only study the following two cases: (con1 ∧ con2) and
(con1 ∨ con2). More complex selection cases can be de-
rived based on these two basic cases. The cost are shown
below, wherep is theTrue Value Probability, which defines
the probability ofcon1 being true. We adopt the heuristic
rules discussed in [9] to estimatep.

cs1 = p ∗ (csu + csu) + (1− p) ∗ csu

= (1 + p) ∗ csu

cs2 = p ∗ csu + (1− p) ∗ (csu + csu)
= (2− p) ∗ csu

As for the projection’s implementation, each event
comes into the processing engine and the engine copies the
selected attributes into the output event. We definesUnit
Projection Cost, cpu, as the cost to copy one attribute. This
cost can be varied for the attributes with different data types.
cpu is assumed as the average value. With this assumption,
a projection operator with the attribute list(a1, a2...an) has
the costcp as:

cp = n ∗ cpu

Unlike the selection and projection operators, join op-
erator is a binary full-relation operator. That is, the join
operation needs the presence of the full relations. However,
unlimited stream size makes traditional join algorithms not
suitable for stream query processing. Consequently, many
stream query processing engines implement join operation
over a sliding window, instead of the full stream. Here, we
only discuss the join costcj of a pair of input events. The
complete cost for a join operation implemented on sliding
windows can be computed based oncj and event passing
rate discussed in Section 3.2.2.

Given the selectivity of a join operation isσ, R ./ S is
actually equal toπ(σ(R × S)). That is, join operation is
implemented based on selection and projection. Therefore,
the join operator’sComputation Costto process an event
pair,cj , as defined in Section 2 should be:

cj = csu + σ ∗ n ∗ cpu

Once we have each operator’s computation cost for an
event or event pair, we can get each operator’s cost per time
unit by multiply the operatori’s costci with its input rateri.
Further, we can sum these cost together to get a query plan’s
costCq, which reflects how much CPU time consumed by
the whole plan in a time unit.
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Cq =
k∑

i=1

(ci ∗ ri)

3.2.2 Evaluation Model for Output Rate

Viglas and Naughton [19] give a series of formulas to es-
timate the output rates for three basic query operators: se-
lection, projection and join. However, their model requires
computing the solution to an integral which is not efficient
to evaluate a large number of query plans. Although they
use rough heuristics to approximate integrals, this causes
inaccurate estimations. Hence, we refine their models with
a new estimation techniques on the join operation.

The join operator is aBinary Full-Relationoperation.
Traditional join algorithm does not work under streaming
query processing scenario, where differentSliding Window
Basedjoin algorithms are applied. TheOutput Ratevaries
with different algorithms. In this paper, we study the join
operator that executes natural join over a time-based slid-
ing window [3], where the window sizeTw is defined by
the time interval. Other join implementations have similar
analysis. We plan to do more complete study for various
operator implementations in the future, as we will discuss
in Section 6.

As shown in [17, 16], a time-based sliding window can
be implemented at low cost, and when tied to input stream
rate, can be more intuitive for users than a count-based slid-
ing window, where the window size is defined as the number
of interested events.

Suppose two streams of eventsR andS. R is composed
of eventsei: R = {ei} and0 < i < ∞. i is a monotonically
increasing number. Similarly,S = {ej} and0 < j < ∞.
Further, suppose streamR has an input rate ofr1 andS an
input rate ofr2.

There arer1 ∗ Tw events at any time residing in the slid-
ing window of streamR andr2 ∗ Tw events residing in the
sliding window of streamS. Without loss of generality, we
take as the observation period the time interval[t0, t0 + t].
During this period,r1∗t 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 selectivityσ, those
joins generater1 ∗ t ∗ r2 ∗ Tw ∗ σ output events during the
observation interval. An event output from a join is a tuple
< ei, ej > whereei ∈ S, ei ∈ R. Examining this from
the side of streamS instead, with similar analysis we ob-
tainr2 ∗ t ∗ r1 ∗Tw ∗σ events output during the observation
intervalt.

Putting together, there are

r1 ∗ t ∗ r2 ∗ Tw ∗ σ + r2 ∗ t ∗ r1 ∗ Tw ∗ σ

= 2 ∗ (r1 ∗ r2 ∗ t ∗ Tw ∗ σ)

events generated during such an observation period.

Operator Output Rate
Selection(ri,σ) ro = σ ∗min(ri, rp)
Projection(ri) ro = min(ri, rp)

Join(ri1, ri2, Tw, σ) ro = min(2 ∗ r1 ∗ r2 ∗ Tw, rp) ∗ σ

Table 3. Output rate estimations.

Therefore, the output rate is the number of events divided
by the observation timet, that is:

ro = 2 ∗ (r1 ∗ r2 ∗ t ∗ Tw ∗ σ)/t

= 2 ∗ r1 ∗ r2 ∗ Tw ∗ σ

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

3.2.3 Evaluation Model for Memory Consumption

As for memory consumption, we only consider memory
used to keep state information. That is, we do not con-
sider the memory consumed for queueing events between
operators. Within an SPJ query which is the focus of this
paper, only theJOIN operator needs to maintain states to
join two input streams. Therefore, we only discuss memory
consumption of join operators.

As for join implementation, we still follow the time-
based sliding algorithm discussed in Section 3.2.2. Given
sliding window size asTw on both sides, we will need mem-
ory r1∗es1∗Tw andr2∗es2∗Tw on either side respectively,
wherer1, r2 are input rates andes1, es2 are event size of
two input streams. Put them together, we will get the total
memory needs of this join operator:

mj = (r1 ∗ es1 ∗ Tw) + (r2 ∗ es2 ∗ Tw)

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.

4.1 Experiment Setup

All the testing programs are written in C++. To simulate
the system’s memory constraints, we use a global variable
to count the consumed memory. When it reaches the limit,
we start dropping input events to simulate real memory con-
straints. As for the computation cost constraints, we simu-
late that by adding the delay in the operators. The hardware
setup includes a dual processor2.8GHz workstation with
2GB memory running RedHat Enterprise Linux(RHEL).
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Figure 3. Equivalent SPJ plans.

Plan Estimated Cost Real Cost
planA 9.458ms 5.654ms
planB 61.4ms 56ms

Table 4. Cost model evaluation.

4.2 Evaluation of Cost Model

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
optimal plan. Hence, we first experimentally evaluate our
cost model by studying two equivalent SPJ plans, which are
shown in Figure 3. Three input streams, stream1, stream2
and stream3, are involved in this query. Their event for-
mats contain13, 8 and 12 name-value pairs respectively,
plus a vector of data. All three input streams are generated
as the rate of1event/sec and each input event has the size
of 0.5MB.

We estimate the computation cost of two plans using the
cost model introduced in Section 3.2.1. Meanwhile, we
measure two plans’ computation costs by recording all of
their operators’ processing time during an observation pe-
riod of T = 60sec. In this experiment, we use a sliding
window size ofTw = 10sec for both join operators. All
three input streams arrive at the rate of1event/sec. The es-
timated costs and measured costs are compared in Table 4.
From the results, we can see that the plan yielding the low-
est estimated cost, which is the one that would have been
chosen, has the lowest actual cost, too. These results gener-
alize to otherSPJ queries which are not presented here.

Our cost model not only correctly orders two plans, but
also accurately shows the difference between two plans.

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
on a system which has256MB memory limitation.

Based on our evaluation models, we estimate each plan’s
needs of computation cost and memory. The result shows
that only planB, which requires234MB memory and
0.42sec CPU time per second, is under the scenarioI: the

J1

J2r1

r2 r3

planA

J3

J4r3

r1 r2

planB

J5

J6r2

r1 r3

planC

Figure 4. Equivalent multi-join plans.

Operator Selectivity Computation Cost
J1 0.3 0.04ms
J2 0.3 0.025ms
J3 0.45 0.025ms
J4 0.2 0.05ms
J5 0.9 0.5ms
J6 0.1 0.025ms

Table 5. Parameters of join operations.

system can provide it adequate computation and memory
resources. Both planA and planC, which have resource re-
quirements as (23MB, 1.06sec) and (210MB, 4.1sec) re-
spectively, fail to satisfy the computation cost constraints,
therefore, our framework will choose planB based on the
search algorithm discussed in Section 3.

We run all three plans in the system with the resource
constraints as specified and measure output rates. Figure 5
illustrates the results, from which we can see that planB has
higher output rate. Therefore, planB is an optimal plan as
our framework expects.

5 Related Work

Literature is rich with work on query optimization in
traditional databases [18, 12, 7]. However, traditional op-
timization models are not appropriate for stream query
processing because of the challenges raised by stream
processing, as discussed in Section 1.

Several groups have contributed to the literature for
query optimization in stream systems. STREAM [2] applies
Synopsis Sharing within a single query or among multi-
queries. NiagaraCQ [8] exploits 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

Stream Input Rate Event Size
r1 1event/sec 1MB
r2 1event/sec 20KB
r3 10event/sec 2KB

Table 6. Parameters of input streams.
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Figure 5. Output rate comparisons.

Naughton [19] consider the output rate in their rate-based
optimization model. Ayad and Naughton [4] recognized re-
source constraints while maximizing the output rate, but do
not consider memory consumption which is an important
metric for stream processing in the scientific applications.
Our multi-model based optimization framework factors in
three metrics: output rate, computation cost and memory
consumption.

6 Conclusion and Future Work

In this paper, we present our multi-model based opti-
mization framework for stream query processing, which has
a combined optimization goal and three evaluation models.
With our framework, we can find an optimal plan not only
for the the system with adequate resources, but also for the
system with resource constraints.

In our study for this multi-model based optimization
framework, we also observed some open issues that war-
rant further research. First, all above work is on a central-
ized system. However, because streams are distributed, a
fact that follows from wide-spread distribution of sensors,
a centralized stream data management system is likely to
result in limited performance. Therefore, extending such a
multi-model query optimization framework to a distributed
environment is ongoing work. Second, this paper focuses
on thetime-based sliding windowalgorithm for join oper-
ation. However, there are many other implementations and
algorithms [3, 10, 21], e.g. count-based sliding window,
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.
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