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Abstract

Application systems often need to react with
certain actions whenever some preset condi-
tions are satisfied. In many cases, the eval-
uation of these conditions takes long time,
but some prediction of the results can be ob-
tained rather quickly. In this situation, spec-
ulation may be a good idea. That is, the
system takes predictions (speculation) to pre-
pare (such as prefetch) for the possible reac-
tion. Obviously, the risk is wasted efforts due
to false alarms. Higher precision prediction
results in less waste, but takes longer time
and may reduce/eliminate the opportunity for
speculation. A balance needs to be struck.
A quality-driven prediction subsystem is thus
necessary, so that the “user” of the predic-
tion subsystem can impose quality (in terms
of precision and response-time) requirements.

This paper focuses on such a prediction sub-
system with conditions on streaming time se-
ries. Two problems need to be solved: how to
predict the precision and how to achieve the
required precision in an optimized way. The
paper introduces a prediction model to tackle
the first problem, and presents an algorithm
to attack the second. Experiments show that
the prediction subsystem works well.

1 Introduction

A speculative system is one that uses some kind of
risk taking mechanism to achieve an overall gain. Pre-
fetching in various scenarios, such as in processors, op-
erating systems, and database systems, is a typical ex-
ample. To speculate is generally to carry out some
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activity based on the prediction of the forthcoming re-
quests, thereby saving some time when the actual re-
quests are processed. The risk of speculation is wasted
efforts while the gain is the potential overall increase
in throughput.

Obviously, a number of factors affect the perfor-
mance of a speculative system. Prediction precision
is an important one. Usually, the higher the predic-
tion precision is, the more the system gains. However,
in certain situations, higher prediction precision takes
longer time to produce. An overall strategy is needed
that trades off response time with precision.

In this paper, we study a condition-driven system
that takes reactive measures (by a reactive subsystem)
whenever some preset conditions are satisfied (evalu-
ated by a parallel condition evaluation subsystem). We
assume the conditions evaluation subsystem contains
a prediction subsystem that is responsible to provide
a prediction to the truth values of the conditions. We
focus on this prediction subsystem.

Since precision and response time of the prediction
(by the prediction subsystem) are usually positively
correlated, a balance must be struck between them in
order to achieve overall gain. It is thus imperative for
the prediction subsystem to have the ability to trade
time with precision. In other words, we require that
the prediction subsystem be able to satisfy some QoS
(quality of service) requirements.

More specifically, given a set of conditions, the pre-
diction subsystem will partition them into two sets,
one true-set and one false-set. We measure the preci-
sion of the two sets by false positive/negative ratios.
The smaller these values are, the more precise the pre-
diction is. Another view is that the predictions are
approximate answer to the evaluation of the condi-
tions.* The response time is the time when the last
condition in the true-set is produced by the prediction
subsystem. This is due to the fact that most systems
respond to conditions that become true (otherwise, it
is usually not difficult to negate conditions).

*Hence, we will use prediction and evaluation interchange-
ably when no confusion arises.



In order to implement a quality-driven prediction
subsystem, it is important to have the ability to mea-
sure the (intermediate) result quality during the eval-
uation process. While it is straightforward to measure
the response time, it is impossible to measure the accu-
racy (i.e., false positive and negative ratios) precisely
when an approximation method is used. Indeed, the
precise accuracy can only be measured a posteriori,
i.e., only after we know the actual evaluation results
of the conditions. So we advocate measuring accuracy
in an @ priori manner, i.e., the false ratios are esti-
mated based on prior knowledge. To do this, we build
a prediction model based on historical data analysis.
At the evaluation time, we use this prediction model to
derive precision estimates. When the precision based
on the prediction model is not enough to satisfy the
“user” requirements, the prediction subsystem needs
some processing to increase the precision.

Since the evaluation procedure is based on the pre-
diction model that is probabilistic in nature, our sys-
tem cannot guarantee the satisfaction of accuracy in
a strict sense. Instead, similar to the soft quality of
service (QoS) concept in computer network [9], the
system satisfies the accuracy requirements in a “soft”
manner. That is, the system guarantees with enough
confidence that the expected accuracy will not exceed
given thresholds. Specifically, the system allows the
“user” (i.e., the reactive subsystem) to impose the fol-
lowing quality constraints:

e Response time constraint: All evaluation results
must be reported within a given time limit.

e Accuracy constraints: The expected false positive
and negative ratios must not exceed the given
thresholds, with enough confidence (the confi-
dence is deduced from the prediction model).

Since the prediction subsystem may not be able
to satisfy both constraints simultaneously, especially
when the constraints are strict and system resource
is limited. We choose to let the user (i.e., the reac-
tive subsystem) impose a precision requirement, and
let the prediction subsystem optimize on the response
time. In other cases, the user may want to impose a re-
sponse time requirement (and then decide what to do
based on the prediction precision), but this is beyond
the scope of this workshop paper.

The rest of the paper is organized as follows. In Sec-
tion 2, we briefly discuss an application where a spec-
ulative system with a condition prediction subsystem
can be useful. In Section 3, we give some formally def-
initions of our problem, and in Section 4, we introduce
our prediction model. We outline our evaluation algo-
rithm in Section 5 and present experimental results in
Section 6. We review related work in Section 7, and
conclude the paper with Section 8.

2 Speculating Situation Manager

In [3], active systems are studied with an underlying
situation manager, where a situation is a reactive en-
tity that receives events as an input, combines compo-
sition filtering with content filtering, and detects situ-
ations as an output [3]. Many applications require re-
actions to situations (rather than single events). The
high-level architecture of an application that uses the
situation manager can be like that in Figure 1 [3]. An
example situation can be that “within the same day
for at least 5 times, a customer sells after buys the
same stock” [3].
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Figure 1: Situation manager high-level architecture.

A situation can take a long time to emerge from the
situation manager due to two possible reasons. Firstly,
the evaluation of conditions that involve complex op-
erations may take a long time after all the events have
arrived.! For some complex operators, some kind of
approximation can be used to produce a prediction for
the conditions. Secondly, the temporal distance be-
tween the first and the last events for the situation
can be great. In the above example, only when the
5t time that the customer sells after buys the same
stock, the situation appears. This gives room for a
speculative application system. Indeed, in the above
example, when the 5" buy of a stock by the same cus-
tomer occurs, we probably have enough confidence to
speculate that the 5" sell will occur. In this case, we
can tell the application with some confidence that the
situation will occur so that the application can start to
prepare reactive measures for the situation. If the sit-
uation does occur, the application can react faster. If
the situation in the end does not occur, then the appli-
cation just wasted some efforts (and rollback may be
necessary). Depending on the application, this may be
a risk worth taking.

In other words, when situations take long time to
emerge and can be predicted with some confidence, it
may be advantageous to predict certain situations. In
this case, the situation manager becomes a speculat-
ing one, and applications become speculative. See Fig-
ure 2. In this case, the speculative application should

TAMIT does not allow complex operators like nearest neigh-
bor search.
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Figure 2: Speculating situation manager.

tell the situation manager how precise the prediction
should be in order to achieve the best overall gain.

The question we explore in this paper is how to pro-
vide predictions to the true-set and false-set for the
given conditions. Obviously, given enough time, the
predictions can be made as precise as possible (the
“worst” case is to wait until the conditions are eval-
uated fully, and “predictions” become actual values).
The question is how to respond in the fastest way as
long as the precision requirement is satisfied. In this
paper, we assume the conditions are on streaming time
series as defined below.

3 Basic Definitions
Streaming time series

A time series is a finite sequence of real numbers and
the number of values in a time series is its length.
A streaming time series, denoted s, is an infinite se-
quence of real numbers. At each time position 7, how-
ever, the streaming time series takes the form of a
finite sequence, assuming the last real number is the
one that arrived at time 1.

Condition on streaming time series

In general, a condition can be any user-defined predi-
cate on streaming time series, and needs to be evalu-
ated after every data arrival.

As an example, given (finite) time series z and y of
the same length [, we may define the following corre-
lation coefficient function:
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where T and 7 are the mean values of z and vy, respec-
tively. Correlation coefficient quantitatively measures
the degree of correlation between two time series in
terms of how closely they are related to each other.
When dealing with streaming time series s' and s2,
we only look at their sub-series within a sliding window
of size w. That is, for each time ¢ (¢t > w), we define
the function values of s' and s? at time t by using

corr(z,y) =

)

r=st—w+1,...,fland y = $*[t —w + 1,...,t.
Correspondingly, we use corr(st, s2,w) to denote the
function with sliding window size of w on streaming
time series s' and s2. The function yields a value
at each given time ¢ (¢ > w). Using this function, we
can naturally form conditions on streaming time series,
which are commonly used to monitor interesting trend
of streaming time series [25].

e |corr(st, s?,w)|>0.75: the (absolute) correlation
between two streaming time series is high;

o |corr(st, s?,w1)| > 2|corr(st, s3,ws)|: the (abso-
lute) correlation between s' and s? is two times
greater than that between s! and s3.

Note that the above conditions are quite trivial in
terms of computation, but will be used in this paper
for illustrative purposes. In real application, condi-
tions can be quite complex, and can sometime involve
accesses to large databases. For example, a condition
may specify that one of the near neighbors (among a
large collection of time series objects) of the streaming
time series shows a particular property.

Quality measures

We denote a set of conditions as C' = {¢1,¢2,...,¢n}
and the reported evaluation result of condition ¢; at
time position ¢ as r(c;, t). We denote the precise eval-
uation result (the actual value of the given condition
when a precise evaluation process is used) of ¢; at time
position ¢ as R(c;,t). Obviously, we have r(¢;,t) €
{True, False}, and R(c;,t) € {True, False}.¥ Note
that r(¢;, t) may not be equal to R(c¢;,t) due to the ap-
proximate nature of the system. Let Cr denote all the
conditions in C whose reported results are True at time
position t, i.e., Cr = {¢;|¢; € C and r(c;,t) = True}.
Similarly, let Cp = {¢|¢; € C and r(¢;,t) = False}.
We call Cr and Cr the reported-True and reported-
False sets, respectively. The two sets are disjoint and
C=CrJCr.

Using the above notation, we define the following
three parameters to measure the quality of an evalu-
ation system at each time position ¢, with a smaller
value meaning better quality.

1. Response Time, RT, is the duration from the data
arrival time ¢ to the time when last condition ¢;,
r(ci,t) = True, is reported.

2. False Positive Ratio, FPR, of a reported-True set
C'r is the fraction of the conditions (among all the
conditions in Cr) whose actual values are False.
We define FPR = 0 if Cr is an empty set.

*In the rest of the paper, we may omit ¢ and use 7(c;) (R(c;))
to denote the reported evaluation result (actual value) of condi-
tion ¢; at time position ¢ when the context is clear.



3. False Negative Ratio, FNR, of a reported-False set
Cr is the fraction of the conditions (among all

conditions in Cr) whose actual values are True.
We define FNR = 0 if C'r is an empty set.

Note that response time is defined only on condi-
tions that are reported true. This is because the par-
ticular situation we are dealing with in which the sit-
uation manager only needs to enact actions when cor-
responding conditions become true, and does nothing
in other cases. Other situations may call for differ-
ent definitions, such as averaged elapsed time over all
reported true conditions, etc.

4 Prediction Model

While it is easy and straightforward to measure the
quality parameter RT, it is difficult to measure the
other two quality parameters, FPR and FNR. For ex-
ample, according to the definition of FPR, we need to
know the actual values of all conditions in a reported-
True set Cr when to calculate FPR. Of course, this
is an unrealistic requirement since the underlying as-
sumption is that we do not know the actual values of
all the conditions. A practical alternative is to build
a prediction model using historical evaluation results
and calculate the expected FPR and FNR based on the
model in a probabilistic manner.

Probability distribution of an evaluation result

For each condition ¢;, we define a random variable X;
to state the outcome of its evaluation. Clearly, X;
follows Bernoulli distribution X; ~ B(p;), that is,
|1 4if R(¢;) =True . P(X;=1)=p;
Xi = { 0 if R(c;) = False with
where the mean p; is also called the expected value
of X;. Note in this paper, we make the simplifying
assumption that all X;’s are mutually independent.

Depending on how the system treats c;, we see three
different cases for p;: (1) ¢; is precisely evaluated. In
this case, we have p; = 1 if ¢; is evaluated to be True
and p; = 0 if ¢; is evaluated to be False. (2) ¢;’s re-
sult is reported based on an approximation procedure,
e.g., prediction. In this case, p; cannot be known ex-
actly. Instead, its estimate p; will be used. This p; is
a random variable following certain distribution, due
to the fact that the approximation procedure gives the
estimate with some confidence. (3) Other cases where
p; is unknown. We now discuss how to model the dis-
tribution of p; for the latter two cases.

In Case (2), assume ¢; is estimated by an approx-
imation procedure that is based on N historical eval-
uation results (samples). Then the estimate of p;, p;,
can be approximated by a normal distribution function
Norm(pi,o?), where the mean value y; = X; and the
2 = 7(17]‘;")“i, i.e., pi ~ Norm(pu;, 7(17#)‘”).
(Here, X; denotes the sample mean.)

variance o

P(XiZO):l—pi

For Case (3), since p; is unknown, its estimate p; is
used again. However, different from Case (2), the dis-
tribution of p; is modeled as Norm(0.5,0.25). Mean
value 0.5 implies that the chances of ¢; being true or
false are the same. The variance value 0.25 is the max-
imum variance that an estimate of p can have.

For all the three cases, the estimate of p; can be
viewed as a random variable that follows normal dis-
tribution. (Case (1) is a special case of normal distri-
bution.)

Example prediction model

To get p; when condition ¢; is predicted, we propose
to build a prediction model by analyzing the historical
evaluation results for each condition. We adopt the
data mining approach in [14] and histogram techniques
in [20] to build the prediction model. Without loss of
generality, we assume each atomic condition is in the
form of f() > 7, where f is an arithmetic expression
with the two basic functions and ~ is a constant. We
partition the range of f (values of f) into buckets.
Each bucket is denoted by its boundaries (v1, v2].

We build an i-step look-ahead prediction model
based on historical data, which are the precise evalua-
tion results in a long run. At each time position, func-
tion f is evaluated precisely. For a function f, a bucket
(v1,v9], and a fixed look-ahead step i, we obtain a
count as follows: find all the time positions in the long
run when the value of f falls into the bucket (v1,va].
Randomly pick N of these positions, say, t1,...,tN.
Then check the condition f() > v at time positions
t;+ifor j =1,...,N, and record the percentage of
times the condition is true. Hence, we can construct a
histogram for each f and ¢: the buckets correspond to
a partition of the range of f, and each bucket is associ-
ated with a percentage value which is obtained in the
way discussed above. This histogram can be refined
via histogram building techniques (e.g., splitting and
merging) [2].

The histogram can be represented by a curve (in-
terpolated) instead of bars for clarity: the z-axis rep-
resents the buckets (or the range of f), and the y-
axis represents the percentages (which we call u).
Fig. 3 shows six example histograms for the condition
|corr(st,s?,50)| > 0.75. (In these examples, the his-
tory has 20,000 time positions and we take 50 samples
for each bucket in the histogram.) As an example,
assume at time ¢, we obtain |corr(s!,s? 50)| = 0.85
through a precise evaluation procedure. If we choose
to look ahead 5 steps, we look up the corresponding
curve in Fig. 3 and obtain p = 0.8 for f = 0.85. This
means if the correlation value is 0.85 (or —0.85) at
time ¢, we can predict that this condition (absolute
correlation value is greater than 0.75) is true at time
t + 5 with a probability of 0.8.

The above only gives an example on how a predic-
tion model might be obtained. Different kind of con-



0.9r Look—Ahead Step= 1 / [
/ ;
0.8F Look—Ahead Step= 3 / ,’:
/ /
0.7+ Look—Ahead Step= 5 YAV
) )

0.6F Look—Ahead Step= 7 - S B
<5} i
>
s0.5- Look—Ahead Step= 9 ! ! // B
= s

0.4t Look—-Ahead Step= 11 anact g

iy s -
0.3F o B
0.2k A 4
o
==
0.1 iz 1
Q= - - o .
0] 0.2 0.4 0.6 0.8 1

value of f(...)

Figure 3: A sample prediction model.

ditions call for different models, and different ways to
build the models.

In general, a prediction model for each condition
is built based on some feature values (like in the
above example). We assume that when a condition is
precisely evaluated, the corresponding feature values
(used for prediction) are extracted. When the predic-
tion of a condition is required, we will look back in
time to find the nearest time position when the con-
dition was precisely evaluated. We use then-extracted
feature values and the prediction model to predict the
probability for the condition to be true.

FPR and FNR constraints

With the prediction model, given a reported-True set
of size m, we can derive its expected false positive
ratio, denoted E(FPR). Indeed, we can prove

E(FPR) ~ Norm(u,o?)

where g = Y7 (1 — p;)/m and 0% = Y7, 07 /m?.
Here p; and o; take values from the corresponding
cases.

Similarly, we can prove that the expected FNR of
a reported-False set of size m is also a normally dis-
tributed random variable with p = >0, p;/m and
o =31 of /m?.

We are now ready to define false positive ratio
(FPR) constraint and false negative ratio (FNR) con-
straint by using the expected FPR and FNR.

Definition An F'PR-constraint is in the form of a pair
7rpr = (Op,a) (0 < Og,a < 1). A set of reported-
True conditions Cp satisfies 7ppr if P{E(FPR) <
Or} > a. We call g and « the expected-mean thresh-
old and the confidence threshold, respectively.

Intuitively, the smaller the 65 value and the greater
the a value, the “tighter” an FPR-constraint 7ppg is.
Formally, we define a partial order 7ppr < Tppp if
0 < 0% and o > o, and we say Tppp is a tighter

FPR-constraint than 7jp5. Among all such FPR-
constraints that a reported-True set Cr satisfies, we
call the “tightest” one as the FPR-quality of set Cr.
For simplicity, we fix the value of « in all constraints,
and thus, the one having the smallest g will always
give the highest FPR-quality.

Symmetrically, we can define FNR-constraint 7pyg
and FNR-quality of a reported-false set Cp.

5 Evaluation algorithm

As mentioned earlier, in our speculative situation man-
ager, an important decision is how precise (in terms
of false-positive/negative ratios) the underlying con-
dition evaluation system is. This decision is based on
how much saving the approximated algorithm can save
(in terms of response time). A basic problem for the
underlying condition evaluation system is the follow-
ing optimization problem: use the minimum amount
of time to achieve the required precision.

More precisely, given accuracy constraints for
both OT and OF (i.e., TFPR and TFNR), we need to
minimize the response time. We use a greedy al-
gorithm for this optimization problem, as shown in
Fig. 4. The basic idea is to increase the size of C'r and
Cr aggressively, and at the same time, try to report
as early as possible those conditions in Cr.

In the algorithm, we assume that if a condition is
reported true, then its p value must be greater than
threshold 0.5. That is, we don’t want to risk it if the
chance of condition to be true is small. Likewise, if
a condition is reported to be false, its u value must
be less than (or equal to) 0.5. Different system may
require other threshold values other than 0.5.

The algorithm starts with using InitExpandCr
to get initial report-True set Cp. The procedure
InitExpandCr is to take all the conditions with the
highest p values (no less than 0.5) as long as the FPR-
constraint is satisfied. The conditions in Cr are re-
ported to be True. These are the conditions that can
be reported True without doing any precise evaluation.
This is Step 1.

After Step 1, we need to precisely evaluate condi-
tions in order to report them true (without violating
either 7ppgr or 1 > 0.5). In Step 2, as a greedy algo-
rithm, we pick up the condition having the next high-
est p value. This is the one immediately after the
conditions in the initial C'r in the pList. Hence, we
pick it (i.e., ¢;,.) up to precisely evaluate. If the condi-
tion is evaluated True, we add it to C'r and try to ex-
pand Cr with no precise evaluation again (by calling a
Procedure ExpandCr, which basically tries to grab the
conditions with the next highest © values as long as
the FPR-constraint is satisfied), report the conditions
in the expended Cr and keep going. If the condition
is evaluated False, then we just keep going to precisely
evaluate the next condition, since we are still not able
to expand Cr without a condition evaluated true.
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Consts.:
Goal:

Step 1. | Form and report the reported-True set:
Initialize zr = 0 and zr = 0;
[z7,ir] = InitExpandCr (z7);
Report c1,...,cip—1 as True;
Process all conditions ¢; with (u; > 0.5):
Do loop until (g < 0.5) or (ir > n)
{ - Precisely evaluate ¢;;.. Two outcomes:
- If ¢, is evaluated False, update zr with
an extra reported-False condition, con-
tinue the loop with ir = ir + 1;
- If ¢;; is evaluated True, then
- Update zr w/ an extra rpt.-True cond.;
- [ZT7 AT] = ExpandCr (ZT7 i + 1)
- Report cip, ..., Cir+ar as True;
- Update ir = ir + Ar + 1;

Step 2.

}

Form the reported-False set:
[ZF7 ZF] = InitExpandCr (ZF)
Process all conditions c;;. with (,uiT <
0.5) :
Continue to use the same i from Step
2, do loop until (it > ir).
{ - Precisely evaluate ¢ip. Two outcomes:
- If ¢y is evaluated True, report c;, as
True and continue the loop with i =
it + 1;
- If ¢;; is evaluated False, then
o update zp w/ an extra rpt.-False cond.;
o [zr, Ar] = ExpandCr (zr,ir);
- update ir = ir — Ap and i = ip + 1;

Step 3.

Step 4.

Step 5. | Report as False all those conditions that

were not reported True.

Figure 4: Algorithm QualEval.

During Step 2, if we run out of conditions in pList,
we can stop (just report all the conditions that were
evaluated False as false and thus achieve FNR = 0). If
the pList is not exhausted, then we need to reach the
first condition in the pList such that its p value is no
greater than 0.5.

Once we only have conditions with g no greater
than 0.5, we need to precisely evaluate them and re-
port them as soon as they are evaluated True. How-
ever, there is a chance we may be able to report them
False. Therefore, Step 3 tries to get the maximum
set of conditions to report False without precise eval-
uation (note that all the conditions that were evalu-
ated False need to be taken into account, hence the
zp value may not start with 0 in Step 3). The proce-
dures InitExpandCr and ExpandCp are analogous to
InitExpandCr and ExpandCr, respectively.

After Step 3, if we still have conditions that need
to be processed (i.e., if ir<ip), we will pick them up
to evaluate. Since we want to minimize the response
time for the conditions in C, we precisely evaluate the

conditions starting from those with greater p values.
Again, if any condition is evaluated False, we will try
to expand Cp.

It is easily seen that the algorithm is correct since
both FPR and FINR-constraints are both satisfied.

6 Experimental Results

In this section, we present our experimental results,
showing that the algorithm effectively achieves its op-
timization goal and satisfies the quality requirements.

We first describe the data set, condition set, and
performance parameters we used in our experiments.

Data set: We generate synthetic data for ex-
periments. The data set consists of 100 streaming
time series. Each time series is independently gen-
erated with a random walk function. For stream s,
s$;i = S;_1 + rand, where rand is a random variable
uniformly distributed in the range of [—0.5,0.5].

Condition set: Our condition set includes 400
conditions defined over these 100 streams. Each con-
dition may contain one or more correlation functions.
Each correlation function is defined on two streams
that are picked up randomly from the 100 streams,
with its sliding window size being randomly chosen
from [50, 1000].

Performance parameters: We use the four qual-
ity parameters described in Section 3 (i.e., RT, FPR
and FNR) to measure the performance of our algo-
rithms. Note that F'PR and FNR are all real numbers
in [0,1] and can be computed precisely by comparing
the reported evaluation results with the precise eval-
uation results (done for the purpose of performance
evaluation). The response time is measured by the
number of conditions that are precisely evaluated (ei-
ther to True or False) before all the conditions in the
reported-True set are reported. By using this measure
(instead of using real time), we can clearly separate
the overhead of the optimization procedure and the
condition evaluation time.

We now show the performance of QualEval. In our
experiment, we set the confidence threshold o = 95%
for both FPR- and FNR-constraints. We vary the
expected-mean threshold fg from 0.05 to 0.3 in dif-
ferent runs, and execute the algorithm for 1,000 time
positions in each run.

Fig. 5(a) and (b) show the evaluation quality
achieved in terms of actual FPR and FNR. The two
plots of Fig. 5(a) present the actual FPR and FNR val-
ues at each time position for 200 time positions with
O = 0.01 (for both 7rpr and Tpyg). We can see
that these actual FPR (FNR) values are in the range
[0.01,0.04] with a mean of 0.008 (which is very close to
the given g = 0.01). Fig. 5(b) presents how well FPR
(FNR) constraints with various mean thresholds (vary-
ing from 0.01 to 0.3) are satisfied by our algorithm. We
calculate the average of the actual FPR (FNR) values
over 1000 time positions for each run, and we can see
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Figure 5: Performance of QualEval.

that the average is either below or very close to the
corresponding given expected-mean threshold g for
all the runs. Note that when the given 6 becomes
large enough (i.e., greater than 0.2 in Fig. 5(b)), the
actual FPR (FNR) values tend to become some con-
stants that are determined by the prediction model.
The little drop of the curves in this figure is due to
experimental variance.

Fig. 5(c) shows the performance of QualEval in
terms of response time. For comparison, a naive algo-
rithm is implemented: It randomly picks up a condi-
tion to evaluate precisely, until it has reported k Trues,
where k is the number of real Trues in the reported-
True set from QualEval (i.e., k is the number of ¢;s
such that R(¢;) = True and ¢; € Cr). This is to
make the naive algorithm report the same number
of true conditions. We compare the response time of
QualEval with this naive algorithm for different runs
with g values in [0.01, 0.3]. We can see that QualEval
consistently outperforms the naive algorithm. Note
that the response time of QualEval decreases as fg in-
creases, because the greater the 8 value, the coarser
approximation is allowed, and thus fewer precise eval-
uations are needed.

The performance gain of QualEval is significant.
For example, given 0 = 0.01, QualEval only takes
about 1/15 time of the naive algorithm, but maintains
the quality of FPR and FNR at around 1%. When 6
is set to higher values, the performance gain becomes
more significant. Note that the confidence threshold
a is set to 95% in all the experiment reported here.
Given the same expected-mean threshold 6y for both
FPR- and FNR-constraints, smaller a will yield faster
response. We omit the experimental results on using
various « settings in this paper.

7 Related Work

Speculation has been used in various applications such
as processor design, cache implementation, and buffer
management in OS. Recently, Polyzotis and Ioannidis
[22] described a speculative query processing system,
where the system anticipates the user queries by pre-
dicting from partially entered query statements. Our
design follows the same approach.

The quality-driven aspect of our work is similar to
the QoS concept in computer network [12, 19]. QoS
in computer network allows the end users to specify
their requirements on different quality metrics (e.g.,
service availability, delay, delay variation, throughput,
and packet loss rate). The network system needs to
guarantee certain levels of service quality based on
these requirements. This paper adapts the QoS con-
cept into condition evaluation on streaming time se-
ries and presents a basic design strategy for developing
such a quality-driven system.

Aurora [24, 1, 8] seems to be the only data stream
processing system that contains a QoS component. In
Aurora, a user may register an application with a QoS
specification that provides the user’s preference on the
performance and quality of this application. These
QoS specifications serve to drive policies for scheduling
and load shedding.

With limited resources, using approximation tech-
niques in processing continuous queries on data
streams has been studied in [11, 13, 10, 15, 25]. How-
ever, most approximate evaluation strategies, and even
some precise evaluation strategies, only consider one
quality aspect and neglect the others. For example,
Chain [6] minimizes the memory usage without con-
sidering the response time at all. Our work differs
from all such work in that our strategy takes different
user-specified quality requirements into consideration
to guide the evaluation procedure. In other words, the
satisfaction of quality requirements in our system is
provided by run-time dynamic adjustments instead of
by static algorithm design. This advantage allows our
system to handle different constraints.

In Statstream system [25], Zhu and Shasha pre-
sented an efficient approximation method to calculate
all pair-wise correlations for a set of streaming time
series. In this paper, we use correlation function to



construct conditions. While [25] aims at building an
approximate evaluation system that can process cor-
relations efficiently, we focus on satisfying the user’s
quality requirements.

8 Conclusion

In this paper, we studied a condition prediction sub-
system that considers user-specified quality require-
ments. We argued that such a system is necessary for
speculative systems. We used statistical analysis to de-
rive the likelihood of a condition to be true at a time
position. By using this likelihood and the associated
confidence (due to finite sampling), we estimated the
quality of our predictions. Based on this prediction
method, we designed an algorithm to produce predic-
tions satisfying precision requirements. Our experi-
ments showed that the algorithm is effective.

The prediction subsystem presented in this paper
works well with simple correlation conditions and syn-
thetic data sets. To make this subsystem applicable
to real applications, it would be interesting to extend
the prediction subsystem to handle more general con-
ditions such as those in AMIT, or those involving com-
plex operators such as nearest neighbor searches. As
future work, it is also interesting to study how to im-
prove the subsystem when some assumptions made in
this paper do not hold anymore (e.g., streaming time
series come from some common sources and are not in-
dependent). Another interesting research direction is
to design algorithms that satisfy other types of qual-
ity requirements. For example, a user may want to
impose a response time limit while requiring the sys-
tem to achieve the best precision.
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