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Query optimizers in object-relational database management systems typically require users to
provide the execution cost models of user-de ned functions (UDFs). Despite this need, however,
there has beenlittle work done to provide such a model. The existing approaches are static in that
they require usersto train the model a-priori with pre-generated UDF execution cost data. Static
approaches can not adapt to changing UDF execution patterns and thus degrade in accuracy
when the UDF executions used for generating training data do not re ect the patterns of those
performed during operation. This paper proposesa new approach based on the recent trend of
self-tuning DBMS, by which the cost model is maintained dynamically and incrementally as UDFs
are being executed online. In the context of UDF cost modeling, our approach faces a number
of challenges, that is, it should work with limited memory, work with limited computation time,
and adjust to the uctuations in the execution costs (e.g., caching e ect). In this paper we rst
provide a set of guidelines for developing techniques that meet these challenges while achieving
accurate and fast cost prediction with small overheads. Then, we presert two concrete techniques
developed under the guidelines. One is an instance-based technique based on the conventional
k-nearest neighbor (KNN) technique which usesa multi-dimensional index lik e the R*-tree. The
other is a summary-based technique which usesthe quadtree to store summary values at multiple
resolutions. We have performed extensive performance evaluations comparing these two techniques
against existing histogram-based techniques and the KNN technique, using both real and synthetic
UDFs/data sets. The results show our techniques provide better performance in most situations
considered.

Categories and Subject Descriptors: H.2.4 [Database Managemen t]: Systems| Query Processing
General Terms: cost modeling, object relational DBMS, query optimization, self-tuning

Additional Key Words and Phrases: K -nearest neighbors, quadtree, self-tuning

1. INTRODUCTION
1.1 Motivation

A new generation of object-relational database applications, including multimedia and web-basedappli-
cations, often make extensive use of user-de ned functions (UDFs) within the database. Algorithms for
compression,text seard, time-seriesmanipulation and analysis, similarity seard (e.g., DNA sequences,n-
gerprints, images),and audio and video manipulations are being aggressiely investigated and added as new
UDFs in databasesystems. These UDFs are typically createdby application developersasstored procedures
in an object-relational databasemanagemen system (ORDBMS).

Incorporating UDFs into ORDBMSs entails query optimizers should considerthe UDF execution costs(or
\costs" in short) when generating query execution plans. In particular, when UDFs are usedin the “where'
clauseof SQL selectstatemerts, the traditional heuristic of evaluating predicatesas early as possibleis no

1This work was partially done while the author was at the Department of Computer Science, Univ ersity of Vermont.
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2 Zhen He et al.

longer valid [Hellerstein and Stonebraker 1993]. Moreover, when faced with multiple UDFs in the “where'
clause,the order in which the UDF predicatesare evaluated can make a signi cant di erence in the execution
time of the query.

Consider the queriesshown in Figure 1. The decisionasto which UDF (e.g., Contains(), SimilarityDis-
tance()) to execute rst or whether a join should be performed before UDF execution depends on the cost
of the UDFs and the selectivity of the UDF predicates. This paper is concernedwith the former.

selectExtract(roads, m.Satellitelmg)

from Map m

where Contained(m.satellitelmg, Circle(point, radius))
and SnovCoverage(m.satellitelmg) < 20;

selectd.name, d.location
from Documert d
where Contains(d.text, string)
and Similarit yDistance(d.image, shape) < 10;

selectp.name, p.street address,p.zip
from Personp, Saless
where HighCreditRating(p.ss_no)

and p.agein [30,40]

and Zone(p.zip) = \bay area"

and p.name = s.buyer_name
group by p.name, p.street address,p.zip
having sum(s.amourt) > 1000;

(Sources:[Chaudhuri and Shim 1999; Boulos and Ono 1999])

Fig. 1. Example querieswith UDFs.

There has beensomework done on the generation of optimal query execution plans by query optimizers
catering for UDFs [Chaudhuri and Shim 1999; Hellerstein 1998; 1994; Hellerstein and Stonebraker 1993].
Sincea UDF is called per tuple, they intro ducethe notion of a\di eren tial" (i.e., per-tuple) costfor join and
selection (involving UDFs) and, then, estimate the per-tuple costto be the samefor every tuple in the same
table [Hellerstein 1998]. They, howewer, do not discussa method for generating the cost model of a UDF
and, instead, assumethe UDF cost modelsare manually provided by the UDF dewveloper. This assumptionis
naive sincefunctions often have complex relationships betweeninput argumerts and execution costs, which
makesit dicult for UDF developersto dewelop their own models manually. We thus need an automatic
meansto develop the cost model of a UDF.

We have found only two existing papers addressingthe automatic cost modeling problem [Boulos et al.
1997; Boulos and Ono 1999]. One usesa histogram-basedapproach [Boulos and Ono 1999], and the other
usesa neural network-based curve- tting approach [Boulos et al. 1997]. Both approacdes are static in
that they require usersto train the model (i.e., histogram or neural network) a-priori with pre-generated
UDF execution cost data. These static approachesrapidly degradein their prediction accuracieswhen the
patterns of UDF executionsusedfor generatingtraining data do not re ect the patterns of those performed
during operation. We thus needa dynamic technique. For this purpose,we adopt the notion of self-tuning
[Chaudhuri 1999]into our cost modeling.
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Self-Tuning Cost Modeling of User-De ned Functions in an Object-Relational DBMS 3

1.2 Self-tuningcost modeling concepts

Figure 2 illustrates the self-tuning cost modeling process. When a query arrives, the query optimizer gen-
erates a query execution plan using the UDF cost estimator as one of its componerts. The cost estimator
makes its prediction using the cost model. The query is then executed by the execution engine according
to the query execution plan. When the query is executed,the actual cost of executing the UDF is usedto
update the cost model. This query feedbak-based approac allows the cost model to adapt to changing
UDF execution patterns. In this case,the query feedbadk information is the actual cost of executing the
UDF. This self-tuning approac is similar to that usedin [Aboulnaga and Chaudhuri 1999; Bruno et al.
2001]for selectivity estimation of range queriesand in [Stillger et al. 2001] for relational database query
optimization.

CQuery>

Query Optimizer
: Query Execution Plan Execution
Engine
UDF Cost Estimator l
Actual UDF
Execution Cost

Fig. 2. Self-tuning UDF cost modeling.

Cost Model Updat

The self-tuning modeling of UDF costscan be conceptualizedas feedbak-basedincremertal modeling of
data valuesin a multidimensional model space. Speci cally, ead instance of UDF executionis mappedto a
query point in a multi-dimensional spacede ned by model variables i.e., variablesidenti ed or determinedto
in uence the costsigni cantly. The data valuespredicted at a query point are the CPU cost and the disk 10
cost. Query feedback is then provided basedon the di erence betweenthe predicted cost and the actual cost.
Then, someor all of the actual costsare inserted asdata points into the model. This query-feedba&-insertion
cycle repeatsto update the model incrementaly as query points \arriv e".

1.3 Challenges
Self-tuning UDF cost modeling described above bearsthe technical challengesof making accurate predictions

despitelimited memory, limited computation time, and cost uctuations presert in the system, as described
below.

1.3.1 Limited memory. Only a limited portion of the memory used by the ORDBMS is available for
guery optimization and the related activities like UDF cost modeling, and even this limited memory is used
to store the cost models of multiple UDFs. Therefore, the memory available for storing the cost models (i.e.,
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CPU cost model, disk 10 cost model) of a single UDF is very limited. Howevwver, the cost model in general
grows in size as more data points from query feedbad are inserted into it, thus eventually exhausting the
allocated memory.

Once the memory runs out, the only way to insert more data points is to compressthe cost model. This,
however, causesthe prediction accuracyto degrade. Thus, in order to achieve adequateprediction accuracy
despite the memory limit, the frequency of compressionshould be kept small. This can be done by slowing
down the frequency of inserting data points and achieving a high compressionratio (in order to free a large
amount of memory) with the minimum loss of prediction accuracy

1.3.2 Limited computation time. Query optimization should be done fast, i.e., within very limited com-
putation time. (This would be more important in interactive query processingin which queriesare compiled
at executiontime.) Sincepredicting the UDF cost using the model is only one small step in query optimiza-
tion, it should be done even faster. In order to achieve this, we needto usean e cien t data structure and
accessnethod for the model.

In addition, data point insertions and subsequeh compressionsshould incur small overheadsbecause,
although they are not part of the query optimization itself, they consumecomputation time that would
otherwise be available for query optimization. In order to keepthe insertion overhead small, data points
should be inserted consenatively (only inserting data points that are likely to signi cantly increasefuture
prediction accuracy)into the model and the model data structure should support e cien t insertion methods.
In order to keepthe compressionoverhead small, the frequency of data point insertion should be low and
the compressionratio should be high.

1.3.3 Cost uctuations. We have obsened that UDF cost at the samequery point in the model space
uctuates over time. The main causesare the cading e ects in CPU cades (e.g., level 1 cade, level 2
cache) and disk I/0O cacdes(e.g., databasebu er cache, operating systembu er cade). The total cacing
e ect amourts to \noise" in the data values, which refersto the magnitude by which the data value changes
at a particular point in the model space.

Noisy data render the prediction unreliable. One way of handling this is the common statistical technique
of averagingover a su cien t number of data points in a region. The optimal number of data points and the
size of the region vary depending on the level of noise. In the caseof UDF cost modeling, however, the noise
level changesover time. Therefore, the prediction needsto automatically tune the number of data points
and the region sizeaccording to the current level of noise.

1.4 Outline

In this paper, we rst proposea set of guidelinesfor meeting the challengesdescribed above. The guidelines,
when applied, can producedi erent possibletechniquesby using di erent data structures for the cost model
and di erent corresponding algorithms for querying, updating, and compressingthe model.

We then presert two concrete cost modeling techniquesdeveloped to embody the guidelines. Oneis called
the memory-limited K -nearest neightors (MLKNN), and the other is called the memory-limited quadtree
(MLQ) [He et al. 2004]. MLKNN is an instance-basedechnique basedon KNN, whereasMLQ is a summary-
basedtechnique using the quadtree. The traditional KNN is known to incur high computational and storage
overheadsfor making predictions but achieve high prediction accuracy and e cien t incremertal model up-
dates[Han and Kamber 2001]. MLKNN presenesthese merits and overcomethe limitations while meeting
the challengesdescribed in Section1.3. For MLQ, the quadtree hasthe inherent desirable properties of fast
retrievals (in responseto queries), fast incremental updates (without storing individual data points), and
multi-resolution model (stored at di erent resolutions). MLQ presenesthese properties while meeting the
challengesdescribed in Section 1.3.
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We have performed extensive performance evaluations, using both real and synthetic UDFs/datasets, to
compareMLKNN and MLQ againstthe existing static histogram(SH) techniques[Boulosand Ono 1999]and
KNN (which keepsall data points). We have made three key obsenations from the experiments. First,
both MLKNN and MLQ give higher prediction accuracythan SH in most situations considered. The reason
is both MLKNN and MLQ adapt to the query and data distributions and thus make more e cien t use of
the limited memory. Second,the modeling costs (i.e., the sum of the prediction, insertion, and compression
costs) of both MLKNN and MLQ are within acceptablelimits { speci cally, lessthan 8% of the execution
costsof the real UDFs. Third, MLKNN and MLQ are comparablewith di erent strengths and weaknesses;
For instance, overall, MLKNN achieveshigher prediction accuracywhile MLQ incurs smaller modeling costs.

1.5 Contributions

This paper makesthe following main contributions. First, it proposesguidelinesfor self-tuning UDF cost
modeling within a resource(i.e.,memory and computation time)-limited ernvironment with noisy data. Sec-
ond, it presens two concretetechniques, MLKNN and MLQ, developed accordingto the guidelines. Third,
it demonstrates the merits of the two techniques by comparing them against existing methods through
extensive performanceevaluations.

Although the focus of this paper is on the UDF cost modeling, the techniques proposedcan be usedin
other application areassud as estimating program execution costs for job sdeduling in parallel and/or
distributed systems. It can also be usedin other environments where resourcesare limited and dynamic
value predictions are required at particular points in the data space.

1.6 Organization

The remainder of this paper is organized as follows. In Section 2 we outline related work. In Section 3
we formally de ne the problem. We then describe our guidelines for deweloping self-tuning cost modeling
techniguesin Section 4. In Section 5 we describe the MLKNN technique developed using the guidelines.
In Section 6 we describe the MLQ method deweloped using the guidelines. In Section 7 we present the
experiments conducted to evaluate the performancesof MLKNN and MLQ against SH and KNN. Last, in
Section 8 we concludethe paper and provide directions for further work.

2. RELATED WORK
We discussrelated work in two areas: UDF cost modeling and self-tuning modeling.

2.1 UDF cost modeling

As already mertioned, the static histogram(SH) approach in [Boulos and Ono 1999]is designedfor UDF
cost modeling in ORDBMSs. It is not self-tuning in the sensethat it is trained a-priori with existing data
and do not adapt to new query distributions. Speci cally, the UDF is executedfor preset values of model
variables to build a multi-dimensional histogram. The histogram is then usedto predict the costsof future
UDF executions.

Speci cally, two di erent histogram construction methods are usedin [Boulos and Ono 1999]: equi-width
and equi-height. In the equi-width histogram method, ead dimensionis divided into N intervals of equal
length. Then, N ¢ buckets are created, where d is the number of dimensions. The equi-height histogram
method divides ead dimensioninto intervals sothat the samenumber of data points are kept in ead interval.
In order to improve storage e ciency , they proposereducing the number of intervals assignedto variables
with lower in uence on the cost. However, they do not specify how to nd the amount of in uence a variable
has. It is left as future work.

In [Boulos et al. 1997]Boulos et al. proposesa curve- tting approac basedon neural networks. Their
approad is not self-tuning either and, therefore, doesnot adapt to changing query distributions. Moreover,
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neural networks techniquesare complexto implement and very slow to train[Han and Kamber 2001],therefore
inappropriate for query optimization in ORDBMSs [Boulos and Ono 1999]. For this reason, we do not
compareour MLKNN and MLQ techniqueswith this approacd in our experiments (Section 7).

2.2 Self-tuningmodeling

Recerly there have beene orts for building a self-tuning DBMS [Chaudhuri 1999], as exempli ed by the
automin project [Chaudhuri et al. 1999] at Microsoft Corporation. Self-tuning DBMSs are able to auto-
matically tune themselwesto application needsand hardware capabilities, thus signi cantly reducing the
administration overhead. In this subsection we provide a brief survey of existing works that are using
self-tuning techniques and distinguish them from our work.

Chaudhuri et al. in [Chaudhuri et al. 1999]discussfeedba&-basedself-tuning in the following four system
issues: index selection for a given workload, memory managemen among concurrert queries, distribution
statistics creation and updating, and dynamic storage allocation. Our work is also feedba&-based, but it
addressesa di erent systemissue.

In [Leeet al. 2004],Leecet al. presert a self-tuning technique for UDF costmodeling. It usesthe samequery
feedba& medanism asthat preserted in this paper. The main di erence is that multiple regressionis used
as the modeling technigue. The regressioncoe cien ts are tuned incremertally basedon the feedbad from
a batch of UDF executions. Limited memory is not a concernin their work becauseregressioncoe cien ts
take very small amount of memory. However, although it hasprovento be very feasibleand achieving fairly
accurate cost estimation for UDFs showing \smooth" cost variations, it is not generally applicable to UDFs
with arbitrary cost variations.

There have been seweral papers preserting a self-tuning approac to estimating the selectivity of simple
predicates(i.e., predicateson relational attributes) [Chenand Roussopulos1994;Aboulnagaand Chaudhuri
1999;Bruno et al. 2001]. As in our approach, their models are updated incremertally using query feedbad.
Howevwer, their works are for selectivity estimation instead of UDF cost estimation. Chen and Roussomulos
in [Chen and Roussomulos 1994] use a curve tting technique whereby a cumulative data distribution
of the selection attribute value is updated based on query feedbak. The selectivity is estimated from
the distribution by computing the di erence betweenthe values at the two extreme points of the query
range. Both STGrid[Ab oulnagaand Chaudhuri 1999]and STHoles[Bruno et al. 2001]use multi-dimensional
histograms as the modeling technique. STGrid usesa rectangular grid-based histogram that is dynamically
split and mergedbasedon the query feedbad&. STHolesimproveson STGrid by allowing somebuckets to be
completely included inside others. In this way, the requiremert that ead bucket is rectangular is implicitly
relaxed, and this results in buckets that more e cien tly model complex regions of uniform tuple density.
The idea behind both STGrid and STHolesis to allocate more memory in regions queried more frequertly .
This is similar to our aim of adapting to query distributions. However, there is a fundamental di erence in
that their feedbad information is the actual number of tuples selectedfrom the range query whereasour
feedbak information is the actual costsof the individual UDF executions. It is not obvious how to adapt
their approaches[Aboulnagaand Chaudhuri 1999;Bruno et al. 2001]to work with UDF cost modeling.

In [Rahal et al. 2004], Rahal et al. present a technique that continuously updates the local query cost
model in a dynamic multidatabase environment. They use multiple regressionas the modeling technique.
It periodically rebuilds the cost model after either one or a batch of query executions. (The batch approach
is similar to the incremertal update approad usedin [Lee et al. 2004].) Their approadc, howewer, is not
self-tuning becausethere is no feedbad loop that drivesthe update of a cost model. We may call it \self-
managing" instead, as indicated in their paper.

In [Stillger et al. 2001], Stillger et al. preseris a self-tuning approac to \repairing" an incorrect query
execution plan. Each time a query is executed,the query execution plan usedis analyzed basedon the cost
estimation errors to determine where in the plan the signi cant error occurred. The analysis results are
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then usedto adjust the data statistics and the estimation models of selectivity and cardinality. Unlike our
approach which performs tuning at the level of a UDF, which is executedas only one step within a query,
their approach performstuning at the ertire query level and, therefore, incurs higher overheadto collect the
statistics needfor the tuning. Moreover, di erent typesof query predicates needseparatetuning processes.
In [Lee et al. 2000], Lee et al. preseris a self-tuning approach to data placemen in a shared-nothing
parallel database systems. If a load imbalance happens, it determines the amount of data to be moved
from the overloaded node and integrate the moved data into selecteddestination nodes. Although called
\self-tuning"”, this work is about dynamic resourceallocations and is closerto a trigger-action mechanism.

3. PROBLEMFORMULATION

In this section,we formally de ne the generalUDF cost modeling problem and the speci ¢ problem addressed
in this paper.

3.1 UDF cost modeling

Let f (a1;ap;::;;a,) be a UDF that can be executed within an ORDBMS with a set of input argumerts
ai;ag; i an. Let T(ag;ag;::;an) be atransformation function that maps someor all of a;;az;::;;a, to a
set of \cost variables" ¢;; Cy;::;; ¢, wherek  n. The transformation T is optional. T allows the usersto
use their knowledge of the relationship betweeninput arguments and the execution costs, eqgo (e.g., the
number of disk pagesfetched) and eccpy (e.g., CPU time), to produce cost variables that can be usedin
the model more e cien tly than the input argumens themsehes. An example of such a transformation is
for a UDF that hasthe input argumerts start _time and end_time which are mapped to the cost variable
elapsed _time calculated aselapsed _time = end_time  start _time.

Let us de ne model variables m1; my;:;;my as either input argumerts aj;ap;:::;a, or cost variables
C1;Cp; 5 ¢, depending on whether the transformation T exists or not. Then, we de ne cost modeling
asthe processfor nding the relationship betweenthe model variablesmi;my;:::;;mg and eqo;eccpy for a
given UDF f (a3; a2; ::;;an). Each point in the model spacehas the model variables asits coordinates.

3.2 Problemde nition

Let Q be a set of query points arriving in sequence. Then, given limited memory and computation time

available and with cost uctuating over time, the self-tuning UDF cost modeling technique aims to minimize

the prediction error, prediction cost, and model update cost, measuredconsideringall the queriesin Q.
The prediction error is measuredas the normalized absoluteerror (N AE) de ned as

P
a2qJPC(@) AC(@)]

NAE(Q) = AC(q)

1)
a2Q
where P C(q) denotesthe predicted (i.e., estimated) costand AC (g) denotesthe actual costat a query point
g 2 Q. This metric is similar to the normalized absolute error usedin [Bruno et al. 2001]for selectivity
modeling?.
The prediction cost and the model update cost are averagedover the queriesin Q. Thus, the average
prediction cost (AP C) is measuredas

P
o COStored(Q)

APC =
iQj

(2)

2We do not use the relativ e error becauseit is biased by a small number of query points with very low actual costs. We do not
use the unnormalized absolute error either becauseit varies greatly across dieren t UDFs/datasets, while in our experiments
we do compare the errors across di eren t UDFs/datasets.
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where costy eq(q) is the cost of making a prediction at query point g 2 Q and jQj denotesthe cardinality
of Q, and the averagemodel update cost (AU C) is the summation of the averageinsertion cost (Al C) and
the averagecompressioncost (ACC). That is,

AUC = AIC+ ACC 3)
where Al C and ACC are de ned as follows.
42D COStins (d)
iQj

where D is the set of data points inserted from the query points in Q and costys (d) is the cost of inserting
a data point d 2 D.

AlC =

(4)

? c2 ¢ COSteomp (C) 5)
iQj
where C is the set of compressionsperformed while predictions are made at the query points in Q and
CcoSteomp (€) is the cost of a compressionc 2 C.
Additionally , we de ne the average modeling cost (AMC) asthe averagecost of processinga set of queries
{ predictions and model updates (i.e., insertions, compressions).That is,

ACC =

AMC = APC+ AUC (6)

4. GUIDELINES

The guidelinespreserted in this sectionare designedto addressthe problem de ned in Section3.2while meet-
ing the challengesdescribed in Section 1.3. The guidelinesare organizedby the key operations: prediction,
insertion, and compression.

4.1 Predictionguidelines

Sinceprediction is done using a model re ned asa result of data point insertions, we can state this guideline
in terms of the number of data points \used" for making the prediction.

Guideline P: Use more data points for prediction in a region with higher noise level.

This guideline is basedon the common statistical technique for reducing the prediction error causedby

noisy data, mentioned in Section 1.3.3. A prediction error consistsof a variance error and a bias error

[Bogartz 1994]. The former is causedby the variation of data value at one particular coordinate in the

multi-dimensional space,and the latter is causedby the variation of data value acrossdi erent coordinates.

As the noise level increases,the variance error has more in uence on the prediction error than the bias

error. Therefore, more data points should be consideredin order to reducethe prediction error in this case
(even though it meansusing data points from a larger region). Conversely as the noise level decreases,
the bias error has more in uence, and, therefore, data points in a smaller region should be used (which

often leadsto using fewer data points).

Figure 3(a) illustrates the guideline P. Supposea prediction is to be made at a query point in the region
1-2. By Guideline P, the data points in the surrounding memory blocks A and C are used as well asthose
in B if the noiselevel in the region is signi cantly high, otherwise only block B is used.

4.2 Insertion(memay allocation) guidelines
The rst insertion guideline hasto do with the \pace" of inserting new data points.
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Guideline |: Insert data points conservatively.
A consenativ e insertion strategy contributes to reducing the frequency of data point insertion. This slows
down the growth rate of the model and, consequetly, reducesthe frequency of compressionaswell. Thus,

it leadsto reducing both the averageinsertion cost (seeEquation 4) and the averagecompressioncost (see
Equation 5).

Data point insertions lead to the re nement of a model one way or another, and this typically leadsto

consumingmore memory. In this regard, the next two guidelinesbelow are better stated in terms of memory
allocation.

Guideline 11: Allocate more memory to model regions with more complex cost variations.

This allowsfor usinga morere ned model to predict valuesin thoseregions,thereby reducingthe prediction
errors.

Guideline 12: Allocate more memory to model regions with more frequent queries.
Assuming query patterns do not change rapidly, the regionsrecenly queried frequertly are likely to be
queried more frequertly in the near future. Thus, higher prediction accuracy can be achieved by re ning
the model in those regions; Re ning the model calls for allocating more memory.

Figure 3(b) illustrates the guidelinesl1 and 12 in light of the UDF costmodeling. (We usea one-dimensional
model for easeof illustration, but it generalizesto any higher dimensional model.) Each point in the gure
represens a previous query point. Someof the query points are inserted as data points, and others are not.
Assume the resulting model is stored in v e memory blocks (A, B, C, D, E) of the samesize. Then, by
the guidelines 1, more memory blocks are allocated to model the region 7-10 (blocks C, D, and E) than
0-7 (blocks A and B) becausethe UDF cost uctuates more sharply in the region 7-10. Besides,by the
guideline 12, no memory is allocated to model the region 10-12becauseno query point has appearedthere.

. o 15| @ g i
s 15 g o @ . el ° *. e
10 oo o ° 10 ° 10 .
A B|C| D E
5 5 A B CcC|D|E 5 A C D
1z 3 4 5 67 8 9 10 11 yodel variable 0123 4 56 78 9 10 11 12 Model Variable 01 2 8 4 5 6 7 8 9 10 1 12 Ag
(a) Prediction. (b) Memory allocation. (c) Compression.

Fig. 3. lllustrations of the guidelines.

4.3 Compession(memay deallacation) guidelines

Sincemodel compressionis to deallocate memory allocated to the model as a result of data point insertion,
its guidelinesare contrasted with those of data point insertion.

Guideline C1: Compressthe model more aggeessivelyin regions with less complex data distributions.

This is becausetheseregionscan be modeledwith similar accuracyas more complex regionswithout using
as much memory.
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Parameter | Description

K the number of nearestneighbors usedto make predictions.

Tpe the prediction error threshold usedto determine if data point should be inserted into the
model.

M CR the model compressionratio usedas measureof how aggressiely the model asa
whole should be compressed.

Tablel. Summary of parametersusedin MLKNN.

Guideline C2: Compressthe model more aggessivelyin regions with lessfrequent queries.
Assuming query patterns do not changerapidly, the regionsrecertly queried lessfrequertly are likely to
be queried lessfrequertly now. It is thus not an e cien t use of computational time and memory to keep
the models of theseregionsasre ned as more frequertly queried regions.

Figure 3(b)-(c) illustrates the guidelinesC1 and C2. By the guideline C1, the memory blocks A and B of
Figure 3(b) are compressednto the memory block A’ becausethe UDF cost variation is smallerin the region
0-7 (blocks A and B) than the other regions. Besides,by the guideline C2, the memory blocks D and E of
Figure 3(b) are compressednto the memory block D' becausethe number of query points in the region 8-9
(block D) and that in the region 9-10 (block E) are smaller (only one ead) than thosein the other regions.
Furthermore, using a discerningstrategy lik e the guidelinesC1 and C2 cortributes to reducing the frequency
of compressioncomparedwith not using such a strategy, thereby contributing to reducing the averagemodel
compressioncost (seeEquation 5).

5. MEMORY-LIMITED K NEARESTNEIGHBORS(MLKNN)

As mertioned in Section1.4, MLKNN is modi ed from KNN to bee cien t in both computation and storage
while preserving much of its merits { the prediction accuracy and cheap incremental training inherert in
KNN. The e ciencies are achieved by limiting the number of data points stored, and the merits are presened
by keepingonly the data points that are likely to increasethe future prediction accuracy

The idea of limiting the number of data points stored to improve KNN performance has already been
extensively studied in the pattern classi cation literature[Chang 1974;Hart 1968;Wilson 1972]in the form
of edited K nearest neightors (EKNN) . They, however, use computationally expensive o -line methods to
reduce the training dataset size by compressingthe initial dataset. There are two important distinctions
betweenthat group of work and our work. First, their goal is to improve prediction speed at no cost to
accuracy[Chang1974; Hart 1968] or, sometimes,to improve the accuracy [Wilson 1972]. Naturally, they
can not work with a memory limit. In contrast, we are willing to compromiseaccuracyin order to ensure
that memory usagestays within a limit. Second,their approachesare static and, therefore, do not allow for
incremental training. In contrast, our approach is dynamic and allows for low-cost incremertal training.

In this section, we show the utilit y of the guidelinesby presening an instance-basedcost modeling tech-
nique developedfrom it. We rst describethe data structures usedby MLKNN in Section5.1. In Sections5.2,
5.3, and 5.4, we elaborate on MLKNN's cost prediction, data point insertion, and model compression,re-
spectively. Table | provides a summary of the parametersusedin MLKNN.

5.1 Data structures

MLKNN makes use of two data structures: point data structure (PData) and a multi-dimensional index.
PData stores the following information per data point: the coordinates, the UDF execution cost (either
CPU or IO cost), and the utilit y value (to be de ned formally in Equation 11).
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The multi-dimensional index is used for fast retrieval of the PData of the K nearest neighbors and fast
insertion of new PData. We can use any of the existing index structures designedfor e cien t KNN seart
[Bedkmann et al. 1990; Cheung and chee Fu 1998; Kim et al. 2001; Yu et al. 2001]. Note that all those
indexeswill bene t from reducedretrieval and insertion costsand reduced memory usagewhen the number
of data points stored is reduced. We have usedthe R*-tree[Beckmann et al. 1990] enhancedwith Cheung
and Fu's improved KNN seard algorithm[Cheung and cheeFu 1998]in the experiments of this paper. The
reasonsfor this choice are givenin Section7.1.1.

5.2 Costprediction

For MLKNN, the prediction guideline P translates into automatically determining the number (K ) of nearest
neighbors to use depending on the noise-le\el, that is, setting K higher if the noise-lewel is higher. For this
purpose,we maintain a set of the running sums of absolute prediction errors (fex ,;ex,; e, g) for aset
of distinct valuesof K (K1 < K, < < Ky) and, when making a cost prediction, usethe K s for which the
ex. (1 s N)isthe minimum amongex,;e,; :€, . This method is basedon the assumption that
the optimal K (among those considered)in the past is likely to be optimal now. Maintaining the multiple
running sumsincurs little additional run-time overheadcomparedwith maintaining onerunning sumfor K y
becauseto compute eat of the other running sums, we can simply reusea subsetof the Ky data points.

Given a particular K, the algorithm for predicting the cost is simple and straightforward, as outlined in
Figure 4. Givena query point, the algorithm rst nds its K nearestneighborsthrough the multidimensional
index basedon the Euclidean distance. Then, it calculatesthe weighted averageof their costs (using Equa-
tion 7) and returns the result asthe predicted costs. Most KNN seardes using multi-dimensional indexes
require the calculation of the distancesbetweenthe query point and its neighbors. We reusethesedistances
(already calculated) to compute the weights.

MLKNN _Predict_Cost (K : number of nearestneighbors, M | : multi-dimensional index,

g: query point )
1. Find the K nearestneighborsp1;p2;:::;pk of query point g using the multi-dimensional index M I .
2. Return the weighted averageof the costsfor p1;p2; i pk - (SeeEquation 7.)

Fig. 4. Cost prediction algorithm of MLKNN.

We now give a more formal description of how the predicted cost is calculated for a given K. Let
p1;p2; ;pk be the K nearestneighbors of a query point g, and let their corresponding UDF execu-
tion costsand the Euclidean distancesfrom q be C(p1); C(p2); ;C(pk) and D(p1);D(p2); ;D(pk),
respectively. Then, the predicted cost, PC, at the query point q is calculated as

X )
pe@ = pP) ) @)
i=1 iz1 W(pi)

where w(p;) is the weight assignedto p;; weights are normalized by the total weight (in the denominator)
sothe sum of all weights equalsl. To compute the weight we usethe kernel smathing method, particularly
the one basedon the popular Epanednikov kernel[Wand and Jones1995], given as

(u) = 2(1 u?) (8)

where u is a real number between0 and 1 (inclusive).
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Using ( u), the weight w(p;) is expressedas
kg pik
( 57=7) 9)
D(px)
There are a number of other weighting methods that can be used, such as uniform, triangular rank-based,

and quadratic rank-basedweights [Stone 1977]. We have chosento usethe Epanednikov kernel smoothing
method for its popularity[Wand and Jones1995].

w(pi) =

5.3 Data point insertion

The insertion algorithm follows the guideline | by inserting data points into the model only if prediction
error (Mpe) exceedsa certain threshold Tpe. We call this selective insertion. Figure 5 outlines the algorithm.
It rst decideswhether the query point should be inserted as a data point into the multi-dimensional index
(Line 1). This is done by cheding if the prediction error (de ned in Equation 10) is above Tye. Then, it
updates the utilit y values of the data points usedto make the prediction (i.e., the K nearest neighbors of
the query point) using Equation 11.

MLKNN _Insert_Data_Point ( q: query point, p1;p2;:::; Pk : K nearestneighbors of q,
MI: multi-dimensional index, Tpe: prediction error threshold )

if (Mpe(q) > Tpe) then begin
Insert g asa data point into M | .
end if.
Update the utilit y valuesof p1;p2;:::pk . (SeeEquation 11.)

SN

Fig. 5. Insertion algorithm of MLKNN.

M pe is measuredas follows.

JAC(q) PC(q)j
max(AC(q); PC(q))

where AC (q) is the actual cost at a query point g and PC(q) is the predicted cost at the samequery point.
The query point g is inserted into the model only if its Mpe(q) > Tpe. Equation 10 allows Tpe to be set
using a fraction, which is more intuitiv e for usersthan the absolute di erence.

This selectiveinsertion algorithm ful lls the guideline |1 becauseM e is morelikely to exceedT e in regions
with more complex cost variations and, consequetly, more data points are inserted into theseregions. This
leads to more memory allocated to model these regions. The same algorithm ful lls the guideline 12 as
well becausemore frequertly queried regions are more likely to have their sub-regionswith complex cost
variations discovered and, thus, more data points are inserted into theseregions.

Figure 6(a)-(b) illustrates the e ect of selective insertion performed on an original dataset (Figure 6(a))
cortaining 2000data points. After selectiwely inserting the rst 1086 data points, only 200 are kept in the
model. Figure 6(b) shows that this small set of 200 data points models quite precisely the complex shape
formed by the original data points.

After ead time a prediction is made, MLKNN updatesthe utilit y value of ead of the K nearestneighbors
of the query point. (These utilit y valuesare usedby the compressionalgorithm in Section5.4to decidehow
aggressiely eat data points should be compressed.) Formally, the utilit y value of a given data point pj,
denoted by U(p;), is de ned as

Mpe(q) =

(10)
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350

(a) Original data points. (b) After selective insertion. (c) After RR compression.

Fig. 6. Example of the e ect of model update.

X
U(pi) = Ul (pi; ) (11)
a2Q(pi)
where Q(p;) is the set of query points for which p; has beenusedto make predictions and Ul (p;;q) is an
increment of U(p;) at the data point p; usedfor prediction at the query point q.
Ul (pi; q) is calculated as

Ul(pi;a) = w(pi) Mpe(q) 12)

If the query point (q) is inserted into the model as a new data point, then its utilit y value is initialized
to Mpe(g). Note that the utilit y value U(p;) is high if: (1) the frequency (jQ(pi)j) of using p; to make
predictions is high, since U(p;) is increasedevery time p; is usedto make a prediction, (2) p; is in a region
in which there is highly complex cost variations, since points in theseregionsare more likely to give larger
prediction errors (Mye(0)), and (3) the distance betweenthe data point p; and the query point g is small,
sincew(p;) giveshigher weight to data points closerto the query point g (Equation 9). This property allows
the utilit y value to be used as a metric for determining how aggressiely the model should be compressed
(seeSection5.4).

Figure 7 illustrates the selective insertion of two new query points q; and g.. Supposethe number (K)
of nearestneighbors usedfor prediction is 2. Further supposeM e(q1) is below the threshold for insertion
whereasM pe(Q2) is above the threshold. Then, g is inserted (with the utilit y value initialized to M pe(02),
which equals0.667 by Equation 10), but q; is not inserted. The utilit y valuesof p1, p2, p4, and ps (data
points usedto make the predictions) are increasedaccordingto Equation 12.

5.4 Model compession

The key idea behind MLKNN's compressionalgorithm is to compressdata points with higher utilit y value
lessaggressiely. This approadc follows guideline C1 since data points with higher utilit y values are those
that arein regionsof higher cost variation complexity (as explainedin Section5.3). It alsofollows guideline
C2 sincedata points that have higher utilit y valuesare those that have beenfrequently usedfor predictions.
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P,(1, ,0.833) Pg(2, ,0.833)
[ ] [ ]

N2

d,(0.5, 1.5, 0.667

P, (1,-05)p.(2,- 05)
[ ]

m query point inserted
O query point not inserted

PG -4 P.(3, ,4.002)
.
P (2, - 4) 2 p
2 v 1'2(2, , 4.005)
P, - 3) d,(2.5,2.33,) P41, ,3)
° .
(a) Before new query points. (b) After new query points.

pi(a,-,u), qi(a,p,u): a= actual cost, p = predicted cost, u = utilit y value.

Fig. 7. Selectiw insertion of query points.

During compression,existing data points are compressedto a smaller number of ‘represetativ e' points.
The multi-dimensional index is then rebuilt * using only the represenativ e points. The represenativ e points
are then treated in the sameway as new data points inserted into the multi-dimensional index.

We considertwo new compressionalgorithms of contrasting characteristics. The rst algorithm is called
rank and remove(RR) and the secondalgorithm is called partition and merge(PM).

5.4.1 Rank and remove(RR). This algorithm is designedto be very computationally e cient by com-
pletely ignoring where the data points are located when performing the compression. Compressionis only
guided by the utilit y value. Figure 8 outlines the algorithm. It rst sorts all existing data points in the
decreasingorder of the utilit y value. Then, it removesthe data points in the bottom fraction, and selects
the remaining data points as the represenativ e points. The size of the removed fraction is determined by
the model compressionratio (MCR).

MLKNN _RR_Compress(M | : multi-dimensional index, DP: the set of all data points inserted,
M CR: model compressionratio)

Sort all data points DP in the decreasingorder of the utilit y value.
Remove the bottom M CR fraction of the data points.

Selectthe remaining data points as representativ e data points.
Rebuild multi-dimensional index M | with represenativ e data points.

NS

Fig. 8. RR Compressionalgorithm of MLKNN.

STypically, rebuilding is much more e cien t than replacing the existing points through a sequenceof deletions and insertions.
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The complexity of this compressionalgorithm is dominated by the initial sorting of the data points
(required to rank the data points by the utilit y value), which has the complexity of O(nlogn) where n is
the number of data points.

Figure 6(b)-(c) illustrates the e ect of RR compressionfor MCR 50%. Figure 6(b) shows the 200 data
points kept in the model before the compression,and Figure 6(c) shavs the 100 data points retained after
the compression. From the gures we can seethe complex shape formed by the uncompresseddata points
are kept after RR compression.

5.4.2 Partition and merge(PM). This algorithm contrasts from RR by taking the spatial proximity of
data points into consideration when deciding how to compressthem. This algorithm aims to ensurethat
every region of the multi-dimensional spacehas a data point. Figure 9 outlines the algorithm. It rst
partitions the data points using a histogram approadc and, then, mergesthe points in the samepatrtition to
a single represenativ e point.

MLKNN _PM _Compress(M | : multi-dimensional index, DP: the set of all data points inserted,
M CR: model compressionratio)

1. Let jDPj be the number of data points in DP.

2. Partition all data points in DP into partitions of (1 M CR)jDPj points using a histogram
approad.

3. For ead partition p created begin

4.  mergeall data points in p to a represerativ e point.

5. endfor

6. Rebuild the multi-dimensional index M | with the represenativ e data points.

Fig. 9. PM Compressionalgorithm of MLKNN.

In the partitioning step, it usesa simple extension of the equi-heigh histogram approac usedin [Boulos
and Ono 1999]. In [Boulos and Ono 1999], the height of a partition is de ned asthe number of data points
in eadh partition. In our case,it is de ned asthe total utility value of all data points in the partition. The
algorithm sorts the data points separately in ead dimension basedon the coordinate of the data points,
generating d lists, where d is the number of dimensions. Then ead list is partitioned into P partitions of
equahheight, thus creating P9 multi-dimensional partitions. The parameter P is determined by MCR as
P = Y MCR |DPj. The complexity of the algorithm in a d-dimensionalmodel spaceis O(djD Pj logjD Pj).
The complexity is dominated by the needto sort the data points by the coordinate in ead dimension.

In the merge step, the coordinate of eat represenativ e point is computed as a weighted averageof the
coordinates of the data points in the samepartition. The utilit y value of the data points are used as the
weights. Formally, let CO;(p) be the value of the i"" componert of point p's coordinate, let p1;p2;:::pn
be the points in the partition mergedto a represenativ e point r, and let U(p;) be the utilit y value of the
point p; forj = 1;2;::;;n. Then, CO;(r) is computed as

U(pj)

CG = n
VI

COi(pj) (13)

Let C(r) be the execution cost assa@iated with a representativ e point r. Then, C(r) is computed as a
weighted averageof the executioncostsof the data points contained in the partition, i.e., C(p1); C(p2);:::; C(Pn),
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as

x W(D;
cn = PP (14)
i=1 i=1 W(pi)
where w(p;) is determined by Equation 9.
The utilit y value of the represenativ e point r, U(r), is computed as a weighted average of the utilit y
valuesof the data points contained in the partition, i.e., U(p1);U(p2); ;U(pn), as

X )
ury = Py (15)
i=1 iz1 W(pi)

Using Equation 13 causesthe coordinate of the represertativ e point to be skewed toward data points with
high utilit y values, and using Equation 14 causesdata points with a smaller Euclidean distance from the
represenativ e point to have a larger in uence on its cost.

Figure 10 shows how the data points in Figure 7(b) are compressedusing RR and PM compression
algorithms. It can be obsenedthat PM createsrepreserativ e points that are more uniformly spacedacross
the indexed model space. This is becauseRR does not take spatial proximity into consideration, whereas
PM does.

9.4(1, ,0.833)25(2, ,0.833) Pg(lv ,0-833)g5(2, ,0.833)
e 13(1.167, ,0.778)
o P5(0.5, , 0.667) o Ps(0.5, , 0.667)
r1(@3, ,4.002) P,(3, , 4.002) P, (3, {4.002)
¢ . © |r,6, ,4.003)
r,(@2, ,4.005) . s
® P, (2, , 4.005) P, (2, , 4.005)
3(1, . 3) R 21,3
* Py, . 3) Py, . 3)
(@) After RR compression (b) After partition in PM com- (c) After merge in PM compres-
(MCR = 0:5). pression (P = 2, iie., MCR = sion.

2=3).

pi(a,-,u), ri(a,-,u); a= actual cost, u = utilit y value.

Fig. 10. Model compressionof data points in Figure 7 (b).

6. MEMORY-LIMITED QUADTREE (MLQ)

As mentioned in Sectionl1.4, MLQ is a summary-basedtechnique as opposedto an instance-basedechnique
like MLKNN. In MLQ, the quadtree is usedto store summary information at di er ent resolutions basedon
the complexity of UDF execution costs and the distribution of query points. The summary information is
updated incremertally ead time a new data point is inserted, and is usedto calculate the predicted cost
and to guide the compressionof the quadtree when the memory limit is reached.

The quadtree is usedas a summarization structure usedin many application areasincluding approximate
query processing[Lazaridisand Mehrotra 2001], selectivity estimation[Buccafurri et al. 2003], and image
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processing[busidou and Manolopoulos 2000; Nardelli and Proietti 1994]. There are other summarization
structures as well, such as other types of trees (e.g., dynamic KD-trees [Robinson 1981; Procopiuc et al.
2003],hB-trees [Evangelidiset al. 1997;Lomet and Salzberg 1990], R-trees [Bedkmann et al. 1990; Guttman
1984]) and histograms [Aboulnagaand Chaudhuri 1999;Bruno et al. 2001;Poosalaand loannidis 1997]. We
have chosenthe quadtree becauseof its support for fast retrieval and fast incremertal update, aswell asthe
multi-resolution model described next.

In this section, we describe the quadtree structures used by MLQ in Section 6.1, de ne the optimalit y
criterion of the quadtree in Section 6.2, and elaborate on MLQ's cost prediction, data point insertion, and
compressionalgorithms in Sections6.3, 6.4, and 6.5, respectively. Table Il summarizesthe MLQ parameters,
and Table 111 lists the statistics usedby MLQ.

Parameter | Description

Tms the minimum support threshold, usedto determine the minimum count (i.e., number
of data points) neededto make a prediction

the scaling factor (0 1) usedto determine Tssg, the SSE threshold used

to decidewhen to split a quadtree node.

M CR the model compressionratio, usedas measureof how aggressiely the model as

a whole should be compressed.

the maximum quadtree depth.

Table Il. Summary of MLQ parameters.
Term Description
C(b) number of data points in block b.
S(b) sum of the values of data points in block b.
AV G(b) averageof the valuesof data points in block b.
SS(b) sum of squaresof the valuesof data points in block b.
SSE(b) sum of squarederrors of the valuesof data points in block b.
SSENC(b) SSE of the valuesof data points in block b excluding thosein its children.
TSSENC(qt) | total SSEN C for all non-full blocks of quadtree qt.
TSSENCG(b) | TSSENC gained as a result of removing a block b from the quadtree.

Table I1l.  Summary of statistics usedin MLQ.

6.1 Quadtreestructure

MLQ usesthe convertional quadtree structure. The quadtree fully partitions the multi-dimensional space
by recursively partitioning it into 29 equal sizedblocks (or partitions), whered is the number of dimensions.
A child node is allocated for each non-empty block and its parent has a pointer to it. Empty blocks are
represerted by null pointers. Figure 11illustrates di erent nodetypesof the quadtree using a two dimensional
example. We call a node that has exactly 29 children a full node, and a node with fewer than 29 children a
non-full node. Note that a leaf node is a non-full node.

Each node |in ternal or leaf| of the quadtree storesthe summary information of the data points stored
in a block represeried by the node. The summary information for a block b consistsof the sum S(b), the
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Fig. 11. The quadtree data structure.

count C(b), the sum of squaresSS(b) of the values of the data points that map into the block. There is
little overheadin updating thesesummary valuesincrementally asnew data points are added. At prediction
time, MLQ usesthesesummary valuesto compute the averagevalue as follows.
S(b)
C(b)

During data point insertion and model compression,the summary values stored in quadtree nodes are
usedto compute the sum of squarederrors (SSE (b)) asfollows.

&0
(Vi AV G(b)?
i=1
SS(b)  C(b)(AV G(b)? (17)

where V; is the value of the i!" data point amongthosethat map into the block b.

AV G(b) = (16)

SSE(b)

6.2 Optimal quadtree

We now de ne the optimalit y criterion of the quadtreeusedin MLQ. Let M ,ax denotethe maximum memory
available for use by the quadtree and DS denote a set of data points used for training. Then, using M nax
and DS, we now de ne QT (Mmax ;DS) as the set of all possible quadtreesthat can model DS using no
more than M nax .

Let usde ne SSEN C asthe sum of squarederrors of the valuesof data points in block b, excluding those
in its children. That is,

C}@nc )
SSENC(b) = (Vi AV G(b)? (18)
i=1
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where b, is the set of data points in b that do not map into any of its children and V, is the value of the
i data point in b,c. Then, we de ne the optimal quadtree as the one that minimizes the total SSENC
(TSSEN C) de ned asfollows.

X
TSSENC(qt) = (SSENC(b) (29)
b2 NFB (qt)

where qt is the quadtree such that gt 2 QT (M nax ; DS) and NFB(qt) is de ned as the set of the blocks of
non-full nodesof qt.

SSEN C(b) is a measureof the expected error for making a prediction using a non-full block b. This is
a well-acceptederror metric usedfor the compressionof a data array[Buccafurri et al. 2003]. It is usedin
[Buccafurri et al. 2003]to de ne the optimal quadtree for the purposeof building the optimal static two-
dimensional quadtree. We can use it for our purpose of building the optimal dynamic multi-dimensional
guadtree, where the number of dimensionscan be more than two.

6.3 Costprediction

For MLQ, the prediction guideline P translates into automatically determining the value of Tr,s for nding

the quadtree node whose summary values are to be used for prediction. Since, by de nition, Tqs is the
minimum court value of the node to use for making a prediction, its value can be adjusted depending on
the level of noise, that is, set higher if the noise-lewl is higher. Like MLKNN, MLQ maintains a set of
running sums of absolute prediction errors (fer,, ;er.. ,; ;€r, , 9) for N dierent Tms, values(Tms, <

Tms, < < Tms, ) and, when making a cost prediction, usethe Trs, for whichthe er,, (1 s N)is
the minimum amonger,,. , ;€r,. ,; ;€ry, - ASin MLKNN, this method is basedon the assumption that
the optimal Tn,s (among those considered)in the pastis likely to be optimal now. Maintaining the multiple

running sums incurs little additional run-time overhead compared with maintaining one running sum for
er,, , becauseto compute eat of the other running sums, we can simply reuseone of the nodestraversed
on the way to the node for er,, .

Given a particular Tp,s, the algorithm for predicting the cost (using the quadtree structure) is simple and
straightforward, asoutline in Figure 12. The algorithm rst nds the lowestlevel node that the query point
maps into and that hasthe count value of at least Trs. It then returns the average calculated using the
summary values S(b) and C(b) stored in the node.

MLQ _Predict_Cost (QT: quadtree, q: query point, Tms: minimum support threshold)

1. Find the lowestlevel node of QT sud that q mapsinto the block of the node and the count
in the node Tps.
2. Return sum/count from the node found.

Fig. 12. Cost prediction algorithm of MLQ.

Figure 13 illustrates cost prediction in MLQ. It shows three query points i, g2, and qz. If Tps = 3,
then g returns a predicted cost of 100 (= 300/3) from B14, g, returns 40 (= 200/5) from B12, and q3 also
returns 40 from B12. Note that q3 doesnot return the averagefrom B124 becausethe leaf node that g3
mapsinto hasa count lessthan 3.
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Fig. 13. An example of cost prediction in MLQ (Tms = 3).

6.4 Data point insertion

The insertion algorithm follows the insertion guideline | provided in Section 4.2 by partitioning a quadtree
block only if its SSE reachesa certain threshold (Tssg) as a result of inserting a data point. Figure 14
shows the algorithm. First, it traversesthe quadtree top down to a leaf node while updating the summary
valuesstored in every node the data point mapsinto (Lines1 6). Then, if the SSE value stored in the leaf
node is larger than Tssg and if the depth of the leaf node is smaller than the maximum allowed quadtree
height ( ), then it createsa new child node that the data point mapsinto and initializes the summary values
to all zeros(Lines 7  10).

Insert_point ( DP: data point, QT: quadtree, Tssg: SSE threshold, : maximum depth )

1. cn = the current node being processedjnitialized to be the root node of QT.
2. update sum, count, and sum of squaresstored in cn.

3. while (cn is not a leaf node) begin

4, cn = the child of cn that DP mapsinto.

5. update sum, count, and sum of squaresin cn.

6. endwhile

7. if ((SSE(cn) Tsseg) and (depth of cn <)) then begin

8 cn_new = create the child in cn that DP mapsinto.

9 initialize sum, count, and sum of squaresin cn_new to zeros.

10. endif

Fig. 14. Insertion algorithm of MLQ.
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Tsse is de ned as follows.
Tsse = SSE(r) (20)

wherer is the root block and the parameter is a saling factor provided by usersto setthe value of Tssg.
The value of SSE in the root node indicates the degreeof cost variations in the entire data space. For
this reason,the value of Tssg can be set relative to the value of SSE(r). As a slight variation, MLQ sets
Tsse to zeroinitially until the memory limit is reached (and the rst compressionoccurs), beforeit starts
updating Tssg accordingto Equation 20. Setting Tsse to zeromakesthe quadtree blocks to partition to the
maximum depth at every data point insertion. This enablesthe algorithm to achieve adequate prediction
accuracy during the initial period of inserting data points while the data spaceis sparselypopulated.

In MLQ, it is through the partitioning of quadtree blocks (following the guideline I) that more memory is
allocated in regionswhere data points are inserted. Therefore, the insertion algorithm ful lls the guideline I1
becauseSSE valuesare higher in the blocks located in regionswith more complex cost variations. The same
algorithm ful lls the guideline 12 aswell becauseSSE valuesare higher in the blocks located in regionsinto
which more data points are inserted.

Figure 15 illustrates how the quadtree is changedastwo new data points p; and p; are inserted. In this
example,we useTssg = 8and = 5. When p; is inserted, a new node is created for the block B13. Then,
B13's summary information in the node s initialized to 5 for sum, 1 for the count, 25 for the sum of squares,
and 0 for SSE.B13 is not further partitioned sinceits SSE is lessthan the Tsse. Next, whenp. is inserted,
B14 is partitioned sinceits updated SSE of 52.67becomesgreater than the Tsse .

6.5 Model compession

The key idea of compressionin MLQ is to remove somenodesof the quadtree sothat the removal results in
the minimum increaseof the quadtree's TSSEN C while freeing at least the memory amourting to M CR.
Here, removing the leaf nodes before the internal nodes allows the compressionto be done incremenrtally,
sinceremaoving an internal node automatically removesall its children nodesaswell. To implement this idea,
we insert all leaf nodesinto a priorit y queue,keyed by the TSSENC gain (TSSENCG) de ned as follows.

TSSENCG(b) = SSENC(psc) (SSENC(b)+ SSEN C(poc)) (21)

where b is a quadtree block, py,c and psc refer to the states of the parent block of b before and after the
removal of b, respectively. Thus, TSSEN CG(b) is the TSSEN C gain resulting from remaving the block b.
Using the derivation shown in Appendix A, Equation 21 can be simpli ed to the following equation.

TSSENCG(b) = C(b)(AVG(p) AV G(b))? (22)

where p is the parent block of b. Using Equation 22 as the basis of compressiono ers three desirable
properties, two of which ful lls the guidelinesC1 and C2. First, it favors the removal of a leaf node that
shows a smaller di erence betweenthe averagecost for the node and the averagecost for its parent (i.e.,
smaller (AV G(p) AV G(b))?). This fullls the guideline C1 becauseregionswith lower complexity of cost
variations have leaf nodeswith smaller di erences in the averagecostsfrom those for their parents. Second,
it favors the removal of a leaf node that had fewer data points inserted into (i.e. smaller C(b)). This ful lls
the guideline C2. Third, the computation of TSSEN CG(b) is e cien t asit can be done using the sum and
count valuesalready stored in the quadtree nodes.

Figure 16 outlines the compressionalgorithm. First, it inserts all the leaf nodesinto the priority query
(PQ) keyed by their TSSEN CG values(Line 1). Then, it removesthe leaf nodesfrom the PQ, the onewith
the smallest TSSENCG rst (Lines 2 - 10). If the removal of a leaf node results in its parent becominga
leaf node, then the parent node is inserted into the PQ (Lines 5 - 7). The algorithm stopsremoving the leaf
nodeswhen either the PQ becomesempty or the fraction of freed memory reachesat least M CR.
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B1 (33, 4, 289, 8.7

B11 (20, 2,200,0) B14 (13, 2, 89, 6.!

|:| Non empty block

(a) Before insertion of new data points.

B1
B11
® B14
/ °
\
P.(5) . (15)
|:| Empty block
B1

B11

B13

w
B
IS

B143

|:| Empty block

[ ]

B1(53, 6, 539, 70.8)

B14(28, 3, 314, 52.67

B11(20, 2, 200, 0) B13(5, 1, 25, 0)

B143(15, 1, 225, 0)

Non empty block

(b) After insertion of new data points.

p(v), B(s,c,ss,ss€):v = value, s= sum, ¢ = count, ss= sum of squares,

sse= sum of squared errors

Fig. 15. An example of data point insertion in MLQ.
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MLQ _CompressModel (QT: quadtree, M CR: model compressionratio,
total_mem: the total amount of memory allocated)

1. TraverseQT and insert every leaf node into a priorit y queuePQ keyed by its TSSEN CG.
2. while (PQ is not empty) and (memory_freed/ total_ mem < M CR) begin

3. remove the minimum-TSSEN CG lead node from PQ and return it as current _leaf.

4 parent_node = the parent of current _leaf.

5 if (parent_node is not the root node) and (parent_node is now a leaf node) then begin
6. insert parent_node into PQ keyed by its TSSEN CG.

7. end if

8 deallocate memory usedby current _leaf.

9. memory_freed = memory_freed + size of current _leaf

10. end while

Fig. 16. Compressionalgorithm of MLQ.

Figure 17 illustrates how MLQ performs compression.Figure 17(a) shows the state of the quadtree before
the compression. Either B141 or B144 can be removed rst sincethey both have the lowest TSSENCG
value of 1. The tie is arbitrarily broken, resulting in the removal of B141 rst and B144 next. We can see
that removing both B141 and B144 results in an increaseof only 2 in the TSSENC. If we removed B11
instead of B141 and B144, we would increasethe TSSEN C by 2 after removing only one node.

7. EXPERIMENTAL EVALUATION

We ewaluate the performancesof MLKNN, MLQ, and KNN against the existing technique SH. In this
section, we rst describe the experimental setup in Section 7.1 and, then, presen the experimental results
in Section7.2.

7.1 Experimentalsetup

7.1.1 Modeling techniques. We comparethe performancesof two MLKNN variants and MLQ againsttwo
variants of SH and the KNN technique. Speci cally, the following techniques are compared: (1) MLKNN-
SRR, MLKNN using selective insertion and RR compression,(2) MLKNN-SPM , MLKNN using selective
insertion and PM compression,(3) MLQ , (4) SH-H [Boulos and Ono 1999]using equi-heigh histograms, (5)
SH-W [Boulosand Ono 1999]using equi-width histograms,and (6) KNN , the K nearestneighbor technique
storing all data points.

For the techniqueslisted above, we train and test the modelsin di erent mannersdepending on whether
the techniques are static or dynamic. The SH techniques are static. We build a model (i.e., histogram)
a priori using training queries. Then, we use the model to make predictions during testing using testing
gueries. In contrast, the KNN-based and MLQ techniques are dynamic. We build a model incremenrtally
(i.e., one query point at a time) during testing. Since a dynamic technique can be e ectiv e only after the
model has beentrained adequately we rst build an initial model statically usingtraining queriesand, then,
update it during testing using test queries. For both the static and dynamic algorithms the test querieshave
the samedistribution asthe training queries. More speci cs of query generationwill appearin Section7.1.4.

The multi-dimensional index used for the KNN-based techniques is the R*-tree[Beckmann et al. 1990]
enhancedwith Cheungand Fu's improved KNN seard algorithm[Cheung and cheeFu 1998]. This algorithm
aggressiely prunesthe seard space,thereby resulting in fewer R*-tree node accessesMoreover, the R*-tree
allows for incremertal insertions without the needfor periodic rebuilding unlik e other index structures (e.g.,
-tree [Cui et al. 2003]) that require periodic rebuilding after many insertions.
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P1(4)  Pa(6)

Bl ‘ B1(24, 4, 152,0, )

|
[ ]
B11

B14(14, 2,100, 0, 2

° p3 (6) B11(10, 2, 52, 2, 4)
B141
B14 S
o-——— p,(8)
B144 B141(6, 1, 36, 0, 1) B144(8, 1, 64, 0, 1)
(a) Before compression.
B1(24, 4,152, 0, )
B1(24, 4,152, 0, )
B14(14, 2, 100, 1, 2)
B11(10, 2, 52, 2, 4)
O B14(14, 2, 100, 2, :
B144(8,1,64,0,1 B11(10, 2, 52,2, 4)
(b) After compression algorithm removes (c) After compression algorithm removes

block B141. block B144.

p(e), B(s,c,ss,ssenc,sseg):e = execution cost, S= sum, ¢ = count, ss= sum of square,
ssenc= sum of squared error of data points not asscciated with any of its children,

sseg= sum of squared error gain.

Fig. 17. An example of MLQ compression.

In all the experiments exceptthe onewith varying memory limit, we have limited the amount of allocated
memory to 10 KB (with the exception of KNN, which retains all data points). This amount is similar to
that allocatedin existing work for selectivity estimation of range queries[Bruno et al. 2001;Deshpandeet al.
2001;Poosalaand loannidis 1997].

We have tuned the KNN-based and MLQ techniquesto achieve the best overall performance,and usedthe
resulting parameter values. In the caseof the SH methods, there is no tuning parameter exceptthe number
of buckets used, which is determined by the given allocated memory size. The following is a speci cation of
the parametersusedfor the KNN-based techniques(including MLKNN parametersin Tablel): K =1 10
(automatically adjusted to the noise-lewl), Tpe = 0.1, and MCR = 0.5. In addition, R*-tree fanout is set
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to 20 for MLKNN techniques and 10 for KNN, and R*-tree Il factor is setto 0.9 for MLKNN techniques
and 0.7 for KNN. The following is a speci cation of the parametersusedfor MLQ (in Tablell): Tps = 1
10 (automatically adjusted to the noise-lewel), = 0.05,MCR = 0.1,and = 6.

7.1.2 Synthetic UDFs/datasets. We generate synthetic UDFs/datasets in two steps. In the rst step,
we randomly generatea number (N) of peaks (i.e., extreme points within con ned regions) in the multi-
dimensional model space. The coordinates of the peakshave the uniform distribution, and the heights (i.e.,
execution costs) of the peak have the Zipf distribution[Zipf 1949]. In the secondstep, we assigna randomly
selecteddecay function to ead peak. Here, a decay function speci es how the execution cost decreasesas a
function of the Euclidean distance from the peak. The deca functions we useare, uniform, linear, Gaussian,
log of base?2, and quadratic. They are de ned so that the maximum point is at the peak and the height
decreasedo zero at a certain distance (D) from the peak. This suite of decay functions re ect the various
computational complexities commonto UDFs.

The following is a speci cation of the parametersusedto generatethe data sets: the number of dimensions
d = 3, the range of valuesin ead dimension= 0 1000,the maximum cost at the highest peak = 10000,
the Zipf parameter (z) value = 1, the standard deviation for the Gaussiandeca function = 0.2, and the
distance D = 10% of the Euclidean distance betweentwo extreme corners of the multi-dimensional model
space.

7.1.3 Real UDFs/datasets. In this subsection, we introduce the real UDFs usedin the experiment and
outline determining their model variables. We usetwo kinds of real UDFs: three keyword-basedtext seard
functions and three spatial seard functions. All six UDFs are implemented in Oracle PL/SQL, using built-
in Oracle Data Cartridge functions. The dataset used for the keyword-basedtext seard functions is 36422
XML documerts of newsarticles acquiredfrom the Reuters. The datasetusedfor the spatial seard functions
is the maps of urban areasin all courties of Pennsyhania State [Pennsyhania 2003].

Table IV lists the prototypes,model variables, and the dimensionality (i.e. the number of model variables)
of the real UDFs. The rst three UDFs are keyword-basedtext seard functions, and the last three are spatial
seard functions. Simple Text Search (STS) retrievesdocumerts that cortain all the keywords on the list.
ThresholdText Search (TTS) retrievesdocumerts that have the keywords appearing at least the threshold
number of time; The retrieved documerts do not needto contain all the keywords on the list. Proximity
Text Saarch (PTS) retrieves documerts in which all the keywords on the list appear at least once and at
most max_span words apart. K-Nearest Neightors (KNN) takesa two-dimensional referencepoint and the
number (K) of neighbors and, then, retrievesthe K nearestneighbors. Window (WIN) retrievesall objects
cortained in or overlapping a query window; The window is speci ed asthe two-dimensional coordinates of
the bottom left (X1, y1)and the top right (x;, y2) cornersof the window. Range (RAN) retrievesall objects
within a speci ed distance from a given two-dimensional referencepoint. Each of these UDFs accesseshe
ertire table of tuples containing queried texts or geometric objects. The resulting cost, therefore, should be
divided by the number of tuples in the table to obtain the di erential cost as neededin [Hellerstein 1998;
1994; Chaudhuri and Shim 1999].

Determining the model variables of a UDF appears complicated. The complexity may come from the
input argumerts unsuitable for direct transformation to model variables, the underlying data structures
(e.g., indexes), etc. We believe, however, the task is simpler that it appearsbecauseit is the semantics not
the syntax (e.g., input argumerts), of a UDF that determinesthe model variables. Moreover, usually only
a few model variables in uence the costs predominartly *[Lee et al. 2003; VanHorn et al. 2003; Jiang et al.
2003]. This often rendersthe task of determining model variables feasible. After all, the users,who write
UDFs, are likely to understand the sematrtics of their UDFs well.

4This is consistent with the principle of Occam's razor [Thorburn 1915].
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UDF | Function Protot ype Mo del Variables d
STS | STS(<Iist of keywords>) num_docs, num_keywords 2
TTS | TTS(<list of keywords>, int threshold) num_docs, num_keywords, threshold | 3
PTS | PTS(<list of keywords>, int max_span) | num_docs, num_keywords, max_span | 3
KNN | KNN(reference_point, int K) referencex, referencey, K 3
WIN WIN(oat x1, oat yl1, oat x2, oat y2) | x1, y1, x2, y2 4
RAN | RAN(referencepoint, oat distance) referencex, referencey, distance 3

Table V. Real UDF prototypes, model variables, and dimensionality (d).

Doc. Poirter to
Keyword feq. Podings List Paostings List

user 3 //'|<100, 2,ptr>
Ocaurrence

[pospos | [vos ] [posres. s, | oot

define 2 .\__I | |
function | 5 -—~—| | | " '| |

<200, l,ptr>| <300, 3,ptr>

Keyword Directory Pastings File

For each keyword, the index stores the document frequency (i.e., the number of documents in whic h the
keyword appears) and a postings list. Each element in the postings list is a posting record consisting of
the identier of the document, the number of occurrences of the keyword within the document, and a
list of the positions of those occurrences. In this example, the document frequency of the keyword user
is 3; this keyword occurs twice in the document with ID 100, once in the document with ID 200, and
three times in the document with ID 300.

Fig. 18. An exampletext seard index.

A good exampleis the text seard functions shown in Table IV. For instance, a text query STS(\cat dog
ght") takesa sequenceof token words, all nominal, as the input argumert. It may seemimpossible to
derive any numeric model variable from them. However, userswith the basic understanding of a text seard
index (seeFigure 18) would be able to gure out what in uences the execution cost most { the number of
documerts retrieved (hum_docs).

Given the seart keywords of a text seard function, it is straightforward to obtain the value of num_docs
from the postings list.> In the interest of space,we do not describe the details here, and refer interested
readersto [VanHorn et al. 2003].

The spatial seard functions are another example. The model variables are determined straightforward
from the sematrtics of the functions with little or no transformation of the input argumerts. The underlying
spatial index structures (e.g., R-tree, quadtree) have relatively insigni cant e ect on the costs. For example,
the rst two model variables of KNN, referencex and referencey, comedirectly from the input argument
reference point asits coordinates, and the other variable, K, is the input argument K itself. Likewise,the
model variables of WIN comedirectly from the input argumens. Interested readersare referred to [Jiang
et al. 2003]for details.

5We have added a few more model variables (e.g., num_keywords, threshold, max_span) for dieren t text search functions. All
of them have much lesse ects on the costs than num _docs.
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7.1.4 Query distributions. Query points are generatedusing three di erent random distributions of their
coordinates: uniform, Gaussian-random,and Gaussian-sequetial. In the uniform distribution, we generate
query points uniformly in the ertire multi-dimensional model space. We needtwo parametersfor the Gaussian
distribution: the number (c) of certroids and the number (n) of query points. In the caseof Gaussian-random,
we rst generatethe ¢ Gaussiancertroids with the uniform distribution. Then, we randomly chooseone of
the c certroids and generateone query point using the Gaussiandistribution whosepeak is at the chosen
certroid. This is repeated n times to generate n query points. In the Gaussian-sequetial case,we pick
ead c certroid using the uniform distribution and generaten=c query points using the Gaussiandistribution
whosepeak s at the certroid. This is repeated c times for the n query points.

The following is a speci cation of the parameters usedto generatethe query points with the Gaussian
distributions: ¢ = 3 and standard deviation = 0.05, and n = 2500°% Half the query points are used for
training and the other half for testing. We repeat ead experiment v e times using di erent random seeds
(for creating di erent queriesthat follow the samedistribution) and report the averageresult. We have used
the samequery distribution for training and testing becausetypically query distribution doesnot change
so fast. The sameassumption has been usedin [Aboulnaga and Chaudhuri 1999; Bruno et al. 2001] for
self-tuning histograms for selectivity estimation.

7.1.5 Computing platform. In the experiments involving real datasets, we use Oracle9i on SunOS5.8,
installed on Sun Ultra Enterprise 450 with four 300 MHz CPUs, 16 KB level 1 I-cache, 16 KB level 1 D-
cache,and 2 MB of level 2 cache per processor,1024MB RAM, and 85 GB of hard disk. Oracleis con gured
to usea 16 MB data bu er cade. We setup Oracle to usedirect 10 and thus bypassthe operating system
cache. This is often recommendedfor higher system performance and also allows us to perform controlled
ushing of databasepagesfrom memory.

In the experiments involving synthetic datasets, we use Red Hat Linux 8 installed on a single 2.00 GHz
Intel Celeronlaptop with 256 KB level 2 cadhe, with 512 MB RAM, and 40 GB hard disk.

7.2 Experimentalresults

We have conducted sewen di erent setsof experiments to compare (1) the prediction accuraciesfor various
query distributions and UDFs/datasets, (2) the prediction accuraciesfor varying memory size, (3) the
modeling costs, (4) the prediction accuraciesin the presenceof noises, (5) the prediction accuraciesfor
varying K (for KNN-based techniques) and Tr,s (for MLQ), (6) the prediction accuraciesfor an increasing
number of query points processedstarting from a cold start (i.e., without training the model a-priori), and
(7) the prediction accuraciesfor an increasing number of query points processedover changing costs. For
the real UDFs, we considertwo cost metrics: CPU cost, measuredas the time spent on the CPU, and disk
IO cost, measuredas the number of physical disk pagesfetched into the bu er. Cost metrics are irrelevant
for synthetic UDFs.

7.2.1 Experiment 1: prediction accuracy for various query distributions and UDFs/datasets. In this ex-
periment, we compare the prediction accuraciesacrossdi erent UDFs/datasets and query distributions.
Figure 19 shows the prediction errors for the CPU costsof the real UDFs/datasets. (The results for the disk
IO costswill appearin Section7.2.4.) From the gure, we make three obsenations. First, both MLQ and
MLKNN outperform both SH techniquesin a majority (15 out of 18) of the test casesof query distributions
and real UDFs/datasets. Second,both MLQ and MLKNN perform closeto KNN in a majority (14 out of 18)
of the test cases.This is impressive, consideringthat KNN retains all the data points that have beeninserted
into the model. Third, between MLKNN and MLQ, MLKNN outperforms MLQ in a majority (13 out 18)

62500 query points are sucien t in our experiments because, as will be shown in Figure 25, the prediction error reaches its
minim um well before the 2500" query point (except for KNN which does not compress the model).
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of cases. This indicates the advantage of an instance-basedtechnique over a summary-basedtechnique for
prediction accuracy
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Fig. 19. Prediction accuracy for various real UDFs/datasets.

Figure 20shawsthe prediction errorsfor the CPU costsof the synthetic UDFS/datasets. The UDFs/datasets
are generated using the following decay functions: linear (LIN), Gaussian(GAU), log of base?2 (LOG),
guadratic(QUAD), and a random mixture of them (MIX). From the gure, we make obsenations similar to
those for the real UDFs/datasets, exceptthat KNN outperforms the other techniquesby a larger margin.
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Fig. 20. Prediction accuracy for varying decay functions (for synthetic data).
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7.2.2 Experiment 2: prediction accuracy for varying memory size. In this experiment, we compare the
in uences of memory limitation on the prediction accuracies. Figure 21 shaws the prediction errors for the
costs of the synthetic UDF/dataset asthe memory size increasesfrom 1 KB to 128 KB. This experiment
doesnot apply to KNN, which doesnot limit the amourt of memory; We thus show the normalized absolute
error of KNN asa at line in the gure.
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Fig. 21. Prediction accuracyfor a varying memory size (for synthetic data).

In the gure, we seethat, initially , the performancesof both SH techniques stay the sameor improve
slightly as memory sizeincreasesbut then starts deteriorating after a certain point. In order to explain the
reasonfor this trend, we needto rst describe the relationship betweenthe memory size (m) and the grid
resolution (r) of the two types(i.e., SH-W, SH-W) of histograms. That is,

d(r  1)f + r9f for SH-H

M= df for SH-W

(23)
where d is the dimensionality of the model space,r is the grid resolution (i.e., the number of partitions in
ead dimension), and f is the size of a oating point number. The rst term of Equation 23 (for SH-H)
refers to the size of memory for storing the coordinates of grid partition boundaries, and the secondterm
of Equation 23 (for SH-H) refersto that for storing the averagecostin ead bucket of the histogram. Note
that SH-H needsboth terms, whereasSH-W needsonly the secondterm becauseits bucket width is xed.
(Equation 23 for SH-H and SH-W are the sameasthose usedin Bruno et al. [2001]to determine the grid
resolution for a given a memory sizein a static grid-based histogram.)

Now, we can explain the reasonfor the trend. From Equations 23 for SH-H and SH-W we seethat an
increaseof the memory size (m) leadsto an increaseof in the grid resolution (r). This in turn leadsto
an increasein the number of empty buckets in the histogram. In the SH techniques, when a query point
maps into an empty bucket, the cost is estimated using the averagecost of all data points in the training
data set. This obviously causesa signi cant prediction error oncethe number of empty buckets exceedsa
certain value. In cortrast, KNN-based techniquesand MLQ do not have such a problem. In the caseof the
KNN-based techniques, as the memory size increases,they can store more data points and, consequetly,
nd closerneighbors. This improvesthe prediction accuracy In the caseof MLQ, if a query point mapsinto
an empty node, then it can predict the cost using the immediate parent node or an ancestornode at only a
few level higher than the empty node and, consequetly, avoid sud a signi cant prediction error asin the
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SH techniques. Thus, the prediction errors decreaseconsisterlly with increasing memory size for both the
KNN-based techniquesand MLQ.

7.2.3 Experiment 3: modeling costs. In this experiment, we comparethe overheadsof cost modeling. We
show the overheadsasthe ratio of the modeling coststo the execution costsof a real UDF. We usethis metric
sinceit allows us to view the overheadin terms of the amount of time spent executing the real UDF. (We
do not shaw the results for the synthetic UDFs/datasets becausethey have no notion of execution costs.)
This experimert is not applicable to SH due to its static nature and, therefore, we compareonly among the
KNN-based and MLQ techniques.

Figure 22 shows the modeling costs. The results are similar betweenthe CPU costs and the disk I/O
costs, and the gure is for the CPU costs. The modeling costs shavn are those accurrulated over all test
guery points separately for the prediction costs, insertion costs, and compressioncosts. Results from the
other real UDFs/datasets and results from the other query distributions show similar trends.
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Fig. 22. Total modeling cost (using uniform query distribution).

We make three obsenations from the gure. First, the total modeling costs (prediction + insertion +
compression)of the MLKNN and MLQ techniques are between 0.1% and 8% of the execution costs of the
real UDFs/datasets. We believe these overheadsare within acceptablelimits. Second,the prediction costs
of both MLKNN techniquesare signi cantly lower than that of KNN. This is becauseMLKNN storesmuch
fewer data points and, thus, incurs much fewer distance computations when searding for the K nearest
neighbors.

Third, the prediction costsof MLQ are much lower than those of both MLKNN techniques. This comes
from the inherently lower cost of a quadtree seard comparedwith the cost of a K -nearestneighbor seard.

7.2.4 Experiment 4: prediction accuracy in the presene of noise. In this experiment, we compare the
prediction accuraciesafter deliberately \injecting noise" simulating the cading e ects. We focuson the disk
I/O costsbecausethey are more susceptibleto the cading e ect than the CPU costs.

Noisesare injected in the following manner. For the synthetic UDFs/datasets, we return a random value
instead of the true value with 80% probability for eac query point. (Results from using other probabilities
show similar relative performancesamongthe di erent techniques.) The true value is calculated by adding
the cortributions from the decay functions, and the random value is generatedusing the uniform distribution
in the range between 0.0 and the true value (inclusive). Here, the true value simulates the number of disk
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pagesaccessé, and the random value simulates the number of disk pagesactually fetchel into main memory.
For the real UDFs/datasets, we ush a random portion of the databasebu er cade with 20% probabilit y.
(Results from using other probabilities show the samerelative performances.)

Figures 23(a) and 23(b) show the results from using the real UDFs/datasets and synthetic UDFs/datasets,
respectively, for query points with the uniform distribution. (Results for the query points of other distribu-
tions shaw similar relative performances.) We seethat the normalized absolute errors of the two MLKNN
techniquesand MLQ are lower than or similar (within 0.1) to those of the two SH techniquesin a majority
of UDFs/datasets, speci cally, v eout of six real UDFs/datasets and all six synthetic UDFs/datasets. This
indicates the merit of automatically adjusting the valuesof K (in MLKNN) and Ts (in MLQ) to the level
of noise (as described in Section 5.2 and Section 6.3).

11
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Fig. 23. Prediction accuracyin the presenceof noise (using uniform query distribution).

7.2.5 Experiment 5: prediction accuracy for varying K and Ts. As described in Section 5.2 and Sec-
tion 6.3, the parametersK (for MLKNN) and Tps (for MLQ) are usedto adjust to a varying level of noise,
namely, they are \noise-tuning parameters". In this experiment, we examinethe e ects of varying the values
of these parameterson the prediction accuracyand obsere how e ectiv e the cost prediction algorithms are
in automatically nding the optimal valuesof the parameters.

Figure 24 shows the results obtained using the synthetic UDFs/data sets{ speci cally, Figures 24(a) and
24(b) when there is no noise and Figures 24(c) and 24(d) when there is noise. (The results from using the
real UDFs/datasets shaw similar trends.) The noiseis injected in the samemanner asin Section 7.2.4. In
the gure, the techniqueswith \-NA" in their labels do not adjust the parameters (i.e., K, Tns) to the
noiselevel but use xed values. Note that the valuesof the parametersare irrelevant to the performancesof
techniquesthat do the adjustment (i.e., with no \NA" in the label). We, thus, show their prediction errors
as at lines’. We obsene from the gure that the prediction accuraciesof both MLKNN and MLQ with
noisetuning are (nearly) the minimum amongthose achievedfor di erent valuesof parameterswithout noise
tuning. This indicates that the automatic noisetuning works well.

7In the actual measuremerts, the results show slight uctuations becausethey are obtained as an average from using v e
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Fig. 24. Prediction accuracyfor varying K and Tps (using uniform query distribution).

7.2.6 Experiment 6: prediction accuracy for an increasing number of query points processel from a cold
start. The objective of this experimernt is to seehow the prediction error changesas the number of query
points processedincreases(from a cold start). This experiment is not applicable to SH becauseit is not
dynamic.

Figure 25 shows the prediction accuracy for the synthetic UDFs/datasets using query points with the
uniform, Gaussian-random, and Gaussian-sequetial distributions. >Fom the gure, we make three ob-
senations. First, the prediction accuraciesof all the memory limited algorithms corverge to the highest
valuesbefore or by around the 1000" query. Second,the prediction errors for the MLKNN algorithms stay
relatively constart with the number of query points processedwhereasthe prediction error for MLQ tends
to decreasecortinuously. This indicates that the MLKNN algorithms, being instance-based,consumethe
available memory quicker than the summary-basedMLQ; This in turn causesthe MLKNN algorithms to
compressthe model earlier than MLQ, after which the prediction accuracy stays relatively constart. Third,

dieren t training and testing query sets (randomly generated using the same distribution).
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for KNN, the prediction error keepsdecreasingas the number of query points processedncreases. This is
becauseKNN inserts all query points as new data points and never compresseshe model; Therefore, KNN
always nds closerK nearestneighbors as more data points are inserted, which results in a lower prediction
error.
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Fig. 25. Prediction error with an increasing number of query points processedfrom a cold start (using
synthetic UDFs/datasets).

7.2.7 Experiment 7: prediction accuracy for an increasing number of query points processel over a change
of cost. The objective of this experimert is to seehow the prediction error changesasthe UDF costchanges.
As in Experiment 6, this experimernt is not applicable to SH becauseit is not dynamic. We simulate the
change of costs by adding somerandom variations to the true costs of data points (calculated by adding
the contributions from the decay functions). The range of variations usedis 50%to 150%of the true costs.
Speci cally, we rst train the model a-priori with queriesagainst the randomly varied costsand, then, test
the model using queriesagainst the true costs.

Figure 26 shows the prediction accuracy for the synthetic UDFs/datasets using query points with the
uniform, Gaussian-random, and Gaussian-sequetial distributions. The results are very similar to those
obtained in Experiment 6. That is, the prediction accuraciesof all the memory limited algorithms corverge
to the highest valuesin about the samenumber of queries(between500 and 1000 queries) and the relative
prediction errors amongdi erent memory limited algorithms look the same.

8. CONCLUSIONS
8.1 Summay

In this paper, we have addressedmodeling the executions costs of user-de ned functions using self-tuning
techniques, with the ORDBMS query optimizer as the main application. For this purpose, rst we have
proposed a set of guidelines designedto dewvelop the techniques that make fast and accurate predictions
while incurring small model update costs under the constraints of limited memory, limited computation
time, and uctuating costs.

Then, we have preseried two concretetechniques, MLKNN and MLQ, deweloped following the guidelines.
MLKNN is an instance-basedtechnique. It storesselectedquery points as data points into a model. The
model used in MLKNN consists of a multi-dimensional index tree (particularly the R*-tree) and a data
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Fig. 26. Prediction error with an increasing number of query points processedover a changeof costs (using
synthetic UDFs/datasets).

structure containing information about the data points stored. MLQ is a summary-basedtechnique. It uses
the quadtree for maintaining a summary of inserted data points at multiple resolution levels. The model
usedin MLQ consistsof the quadtree and the summary values (i.e., count, sum, sum of squares)stored in
ead node of the quadtree. For eat of these two techniques, we have preserted algorithms for predicting
the cost at a query point while adjusting to the level of noise(i.e., cost uctuation), inserting a query point
into the model as a new data point, and compressingthe model when the memory limit is reached.

We have demonstratedthe merits of MLKNN and MLQ through experiments conductedusing both various
real and synthetic UDFs/datasets and using query points with various distributions. The results show that,
rst, MLKNN and MLQ techniques achieve higher prediction accuraciesthan SH { the only existing UDF
cost modeling techniquesusablein a query optimizer { in most test cases;Second,both MLKNN and MLQ
incur modeling costsamounting to only 0.1%to 8% of the execution costsof the real UDFs/datasets; Third,
betweenMLKNN and MLQ, MLKNN is more accuratebut MLQ incurs lower modeling costswhile it appears
MLQ shows relatively better performanceoverall.

8.2 Openissuedor practical applicability

The framework proposedin this paper leaves someopen issuesto enhancethe practical applicability. We
summarizethem here.

Currently, usersare required to identify the model variables of a UDF. As mertioned in Section 1.2, model
variables are those that predominantly in uence the UDF execution costs. Moreover, sometimesthey are
not input argumerts of the UDF but variablesresulting from user-de ned transformations. Thus, in order to
nd appropriate model variables, usersneedto know the semariics of the UDF, and in somecaseshigh-level
understanding of an internal structure used(e.g., text inverted index), asdiscussedusing examplereal UDFs
in Section7.1.3. It will be usefulto provide userswith a tool that facilitates this process.

If the cost uctuates (e.g., due to cadcing) too quickly, the techniques may not adapt to the change fast
enough. (As shown in the experiment in Section7.2.7,it took 500to 1000queriesfor the tested algorithms
to adapt to changesin costs.) It will be interesting to improve the techniquesto be more agile to a rapid
changeof cost.

Currently the techniques proposedin this paper do not support model variables that are nominal (or
categorical). It would be useful to extend the techniquesto support nominal variables. One (somewhat
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naive) approad is to build separatemodels, ead involving ordinal model variables only, for di erent values
of such nominal variables. If the cardinality of a nominal variable is too high, then only the models for
recertly-used values can be kept. This simple idea has proved adequatein our previous work [Lee et al.
2003]for the UDFs used. Further study will be neededin a more generalcase.

The \curse of high dimensionality" will not be so forgiving to either KNN-based methods or quadtree-
basedmethods; both run-time overheadand storage spaceoverhead may becomevery high as the dimen-
sionality of model spaceincreases. It will be thus worthwhile to addressthis issue using dimensionality
reduction techniques, such as principal componert analysis(PCA)[Jollie 1986]and multidimensional scal-
ing(MDS)[Morrison et al. 2003]. The challengein this casewill lie in adapting the existing techniquesto a
dynamic modeling environment.

8.3 Future work

For our immediate further work, we plan to extend MLKNN and MLQ to usethe samemodel data structure
(e.g., R*-tree, quadtree) for multiple UDFs instead of one. This is likely to improve the e ciency of utilizing
the system resources. Additionally , we have identied two areasfor future work. The rst oneis to use
the guidelinesto dewvelop additional cost modeling techniques. This may produce techniques more e ectiv e
under the constraints mentioned above. The secondoneis to apply MLKNN and MLQ to other applications
like estimating program execution costsfor job scheduling in parallel and distributed systems.

As mertioned in the Introduction, query optimization involvesselectivity estimation of a UDF predicate
aswell as cost estimation. In this regard, a framework for selectivity estimation would be useful. Better yet,
a unied framework for both selectivity and cost estimations of UDF predicates would be desirable. This
alsoremains as our future work.

It would be interesting to seethe impact of our cost modeling techniqueson actual query execution costs.
This can be done by comparing the query execution times measuredwith and without using our cost model.
Conducting these experimerts is another important future work.
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Appendix A

Here we show the derivation of Equation 22 from Equation 21. We rst give an equation neededfor the
derivation.

(b
SSENC(pac) = SSENC(p) + (Vi AV G(p))? (24)
i=0

where p is the parent block of b (the block being removed) and V; is the i" data point that mapsinto block
b. Equation 24 is interpreted as that the SSEN C of block p after the compressionequalsthe sum of the
SSEN C beforethe compressionand the new SSE intro duced by the compression.
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We now shaw the derivation of Equations 22 from Equation 21 and 24. Note that, AV G(p) is the same
before and after the compression.

TSSENCG(b) = SSENC(pac) (SSENC(b) + SSEN C(pye))

Using Equation 24, this can be written as

()
SSENC(pac) (SSENC(b)+ SSEN C(pyc)) = (Vi AV G(p)? SSENC(b (25)
i=0
Sinceblock bis for a leaf node, which has no child node, b, = b. Hence,using Equation 18, Equation 25
can be rewritten as:

o) x®)
TSSENCG(b) = (Vi AV G(p)? (Vi AV G(b)? (26)
i=0 i=0
It is straightforward to derive Equation 22 from Equation 26. We shon someintermediate stepshere.

TSSENCG(b) = C(b)SS(h) 2S(bAV G(p) + C(b)(AV G(p))2 C(b)SS(b) + 2S(HAVG(b)  C(b)(AV G(b))?
= C((AVG(p)?> 2AVG(HC(D((AVG(p) AV G(h) C(b(AVG(b)?
= C(D((AV G(p)? 2AV G(DAV G(p) + (AV G(h)?)
= C(b(AVG(p) AV G(h)? (27)
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