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ABSTRACT General Terms
In the rank join problem we are given a relational jéta ! R Algorithms, Performance.

and a function that assigns numeric scores to the join tuples, and

the goal is to return the tuples with the highest score. This problem Keywords
lies at the core of processing top-k SQL queries, and recent stud-
ies have introduced specialized operators that solve the rank join
problem by accessing only a subset of the input tuples. A desir-
able property for such operators is instance-optimality, i.e., their 1. INTRODUCTION

I/0 cost should remain within a factor of the optimal for different Consider a database similar yelp.com that records infor-
inputs. However, a recent theoretical study has shown that existingmation on theaters, hotels, bars, etc. for different cities around the
rank join operators are not instance-optimal even though they haveworld. Imagine a query that returns pairs of theaters and restaurants
been shown to perform well empirically. The same study proposed that are located in Paris, ranked by a combination of the restaurantOs
the PBRE operator that was proved to be instance-optimal, butits rating and price, and the proximity of the theater to a specibc loca-
performance was not tested empirically and in fact it was hinted that tion. NOW, imagine the same query but assume that its results are
its complexity can be high. Thus, the following important question returned unranked.

is raised: Is it possible to design a rank join operator that is both  The previous example illustrates the concept efiie join and

ranking queries, rank join, feasible region bound, adaptive pulling.

instance-optimal and computationally efbcient? _ ~ itsimportance in the interactive exploration of query results. Loosely
In this paper we provide an answer to this challenging question. speaking, in the rank join problem we are given a relational join
We perform an empirical study of PBRRJ and show thatits com- R, | R, and a functiorS that assigns numerical scores to the join

putational cost can offset the benepts of instance-optimality. Using results, and the goal is to retrieve tie results with the highest
the insights gained by the study, we develop the novel FRPA op- scores. The rank join problem forms the basis for the evaluation of
erator that addresses the efpciency bottlenecks of FBRWe ranking SQL queries (also referred to as top-k queries) in relational
prove that FRPA is instance-optimal in general and more speciP- DBMSs. The following is a sample ranking query that builds on
cally that it never performs more I/O than PERJ FRPA is the our previous example:

brst operator that possesses these properties and is thus of interest

in the theoretical study of rank join operators. We further identify SELECT h.name, b.name, t.name

cases where the overhead of FRPA becomes signibcant, and proFROM Hotels h, Bars b, Theaters t B 3
pose the a-FRPA operator that automatically adapts its overhead toVHERE h.city = b.city AND b.city = t.city AND h.city = OParisO
the characteristics of the input. An extensive experimental study RANK BY 0.4*h.rating+0.1*b.rating+0.5/dist(t,currentLocation)
validates the effectiveness of the new operators and demonstrates
that they offer signibcant performance improvements (up to an or-
der of magnitude) over the state-of-the-art.

The importance of rank join evaluation has led to the develop-
ment of a host of specialized rank join operators [1, 4, 8, 12, 11,
13]. These operators can generate the top join results by accessing
) ] ] only a subset of each input, provided that two common assump-
Categories and Subject Descriptors tions hold: the scoring functioB is monotonic, and the join op-
erator can access input tuples in order of their potential to gener-
ate high scoring results. Recent studies [8, 10] have also shown
! Author®s current address: HistoRx, Inc., 300 George Street, Newhat @ physical plan for a ranking join query can be formed by
Haven, CT 06511. pipelining several rank join operators. Returning to the previous

example, one example pipeline would evaluate prst the rank join

over Hotels ! Bars and then feed the results to the rank join

(Hotels ! Bars) ! Theaters. This plan will generate the top
Permission to make digital or hard copies of all or part of this work for @nswers by scanning only a subset of each input relation, and may
personal or classroom use is granted without fee provided that copies arethus be far more efpcient than the naive method of generating and
not made or distributed for probt or commercial advantage and that copies scoring every join result. Overall, the ability to terminate before
bear this notice and the full citation on th_e Prst page. To copy otherwise,_ t0 scanning the complete input is a key difference between rank join
republish, to post on servers or to redistribute to lists, requires prior specibc operators and conventional join operators.

permission and/or a fee. o . .
SIGMOD’09, June 29DJuly 2, 2009, Providence, Rhode Island, USA. Clearly, the I/O cost of a rank join operator is driven by the

Copyright 2009 ACM 978-1-60558-551-2/09/06 ...$5.00. amount of input that it accesses before termination. This cost com-
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ponent is signibcant when the input relations are large or when ac-operator. The new operator employs a novel adaptive scheme to
cess to the input tuples is expensive, e.g., when the relations areregulate the overhead of computing score bounds on unseen join
streamed over the network. A natural question is whether there ex-results. An interesting property of a-FRPA is that it works precisely
ists a rank join operator that generates the correct top results bylike FRPA on the inputs where the latter is efbcient, and it gradually
accessing the least number of input tuples. Unfortunately, a result morphs its behavior towards the computationally efbcient (yet, not
shown by Fagin et al. [4] yields a negative answer, i.e., no rank join instance-optimal) HRIJNoperator for the inputs on which FRPA
operator is I/O optimal over all possible inputs. Since optimality does not work well. Thus, the key advantage of a-FRPA is that
is not possible, the study of rank join operators has usednce- it can adaptively explore the trade-off between instance-optimality
optimality to characterize /O efbciency. In a nutshell, a rank join and computational efpciency.

operator is instance-optimal if its /O cost for any input is within Finally, we present an extensive experimental study that evalu-
a constant factor of the cost of any other rank join operator on the ates the performance of the new operators under different operat-
same input. Instance optimality can thus be viewed as a property ofing parameters. The results demonstrate that FRPA and a-FRPA
robustness, since it bounds the difference in performance between outperform the state-of-the-art operators by a signibcant margin
an instance-optimal rank join operator and the optimal operator on (in some cases, by an order of magnitude) in terms of computa-
any input. tional efbciency and 1/0 cost. Moreover, we observe that the adap-

Instance optimality has been shown to hold for existing rank join tive a-FRPA operator provides a Obest-of-both-worldsO hybrid, hav-
operators under specibc assumptions [1, 11, 8], but a recent theoing low computation overhead and an I/O cost that is either equal
retical study [13] proved the following interesting result: None of or very close to the instance-optimal cost of the FRPA operator.
the existing operators is instance-optimal in a setting that matchesOverall, our study validates the effectiveness of the proposed tech-
closely the execution environment of a database system. To thisniques and demonstrates their numerous advantages over existing
end, the study introduced the new PBRDperator that was shown  rank join operators.
to be instance-optimal in this setting, and, to the best of our knowl-
edge, it is the only deterministic rank join operator to have this
property. However, the overall cost of a rank join operator involves 2, P_REL!MINARIES o
both 1/0 and CPU cost, and instance-optimality characterizes solely N this section, we formally debne the rank join problem and
the former. Given that there exist no empirical results on the per- Present a formalism for modeling rank join operators.
formance of PBRE} , it is unclear whether PBRYJ is more efp- .
cient overall than existing algorithms (e.g., HRJJ8]) that are not 2.1 The Rank Join Problem
instance-optimal within the same class of inputs as BBRIF the We consider the natural join of two relatioRs andR», where
answer to the previous questions is indeed negative, then it is nat-each tuplé; " Ri is composed ofttribute values andbase scores.
ural to inquire whether we can design a rank join operator that is The base scores are denoted as a ventbr) " [0, 1]* for some
both computationally efbcient and instance-optimal. The existence & # 0, and signify the importance of the tuple according to criteria
of such an operator will have clear implications for the design of sSpeciPed by the query. The score vector of a join résuit ! !
efbcient and robust ranking query processors. 15 is debPned as the concatenatiorbdf ;) andb (! 2). Base scores
are aggregated usingsaoring function S that computes the score
of I asS(b(!)). We may also us8(! ) as shorthand for the score
of I . Following common practice, we assume tBas monotonic,
i.e,S(X1,...,Xe) $ S(Y1,...,Ye) if xi $ yi foralli.

Given a tuple!; " Ry, we dePneS(!1) to be the value o6
using the base scores!afand substituting 1 for the missing scores.
We call S(!1) the score bound of 11, since monotonicity implies
thatS(!1) # S(!) for any join tuple! =!; ! !5 thatis derived
from ! ;. We dePne the score bouBq! ») in a similar fashion for
“atuple!s " Ro.

The objective of the rank join problem that we consider in this
paper is to bnd tuples with the highest scores from the natural
join Ry ! R2. Formally:

Our Contributions. Motivated by the previous observations, we
investigate the existence of rank join operators that are compu-
tationally efpcient and robust (i.e., instance-optimal) in terms of
I/O cost. We begin with an empirical study of the PBRJop-
erator against the well known HRJNoperator and demonstrate
that the computational overhead of the former essentially cancels
its instance-optimality and leads to bad performance overall. The
experimental results point to two main sources of inefpciency: the
computation of bounds on the scores of unseen join results, and un
necessary 1/0 which results from a blind round-robin access to the
two inputs. This is the Prst empirical study of the PBR&perator
and the results are thus of general interest.

Having demonstrated the inefpciency of PBRJwe embark

on the design of a rank join operator that is computationally ef-  perNiTION 2.1. An instance | of the rank join problem is a
Pcient and instance-optimal in terms of I/O. To this end, we de- 4 yple (Ry, Ry, S, K ) such that: (a) relations Ry and Ry are ac-

velop techniques that directly address the bottlenecks of BBRJ . ssed sequentially in decreasing order of S; (b) S is a monotonic

We prst introduce the FRscheme that allows the efbcient com-  scring function; and (c), 0 <K $ |R1! Ral.

putation of score bounds on unseen join results. We subsequently

couple FR with a strategy that prioritizes the I/O requests of the This dePnition requires that at ledst join results exist, which

rank join operator based on the potential of each input to generateguarantees that it is possible to fulbll a request for thekope-

results with high scores. We combine these two techniques in the sults. We do not place any restrictions on the input relations except

novel FRPA rank join operator. We show analytically that FRPA that eaclR; is accessed sequentially and in decreasing ordst of

is instance-optimal, and more specibcally that it provably outper- Formally, we useR; [p] to denote the-th tuple inR; and assume

forms PBRE in terms of I1/O cost. To the best of our knowl-  thatS(Ri[p]) # S(Ri[q]) for g # p. This particular access model

edge, this is the Prst rank join operator to have these properties.is a common assumption in the study of rank join evaluation in

Moreover, the optimized FRscheme ensures that the computa- database systems [8, 12], as it enables the development of efbcient

tional overhead of FRPA is low for a large class of inputs. rank join operators (which we discuss later). When the inputs are
To address the cases where the overhead of FRPA becomes probase tables, this type of access is typically provided through index

hibitively expensive, we introduce the adaptive a-FRPA rank join structures. For instance, going back to the example ranking query



of the previous section, the ordered access to relation Bars can be
provided by an index on Bars.rating.
A solution to a problem instandeis an ordered relatio® com-
prising the topK results ofR; ! R ordered byS. There may
be more than one possible soluti@nfor a particular instance if
there are tied scores in the output, but the sequence of scoBes in 2
is completely determined Hy. We henceforth usg*“"™ to denote
the least score in any soluti@. 5
On a bnal note, it is possible to generalize the debnition of the ¢ Add p;i to HR; ;
rank join problem to the natural join ofrelationsR 4, ..., R,. We 7 t «— B.updateBound(pi) ;
focus on the binary rank join problem because existing databaseg if 0 - ¢ then return O.pop() else return EndOfOutput;
systems implement binary physical operators, and also because the
restriction to two inputs_ enables interesting optimizations. (Note Figure 1: PBRJ template. The operator is instantiated with a
that some of our technlques_ exteno_l natura_lly to _rnhery cas_e.) pulling strategy P and a bounding scheme .
However, then-ary problem is also interesting, since multi-way
rank join operators have been shown to be instance-optimal com-
pared to plans of binary rank join operators [13]. We believe that
a full investigation of then-ary rank join variant is an interesting
direction for future work.

Function PBRJgetNext ()
Output: Next tuple of R; X Ry ordered byS.
Data: Input buffersHR, and HRz initialized to empty; sorted output
buffer O initialized to empty; bound initialized toco.
1 while (O =0V S(O.top()) < t) A inputs not exhausted do
i < P.chooseInput() ;
pi < nexttuple ofR;;
4 R «— pi W HRj forj # i,
Add each memberakRto O ;

the top tuple inO provided its score is not smaller than the bound

t, since this indicates that the buffered results cannot be improved

. by reading more tuples.

2.2 Rank Join Operators PBRJ provides a convenient method to analyze the performance
A rank join operator is a deterministic algorithm that solves the of deterministic rank join operators. More formally, the following

aforementioned rank join problem. We are interested in the eval- OequivalenceO result holds [13]: Given a rank join opekatihiere

uation of rank joins in a database system, so we assume that aexists an instantiatiofRa of PBRJ such that, for any instanteit

rank join operator works incrementally and supportgeaVext () holds thatdepth(A,1,i ) = depth(Fa,l,i) fori " {1,2}. In

method which returns the next result in its output. (This is typi- this paper we derive theoretical results for speciPc instantiations of

cally referred to as th&erator interface [6].) Thus, a solutio® is
obtained by invokingjetNezt() K times.

Given a rank join operator and a problem instahceve debne
its left and rightdepths as the number of input tuples froRy and

R, respectively, that the operator accesses in order to satisfy the
K getNext requests. Clearly, the input depths refl3ect the amount

of 1/0 performed by the algorithm and thus affect heavily the cost
of rank join evaluation. In what follows, we uskpth(A,l,i ) to
denote the depth of algorithf on relationR; of some problem in-
stancd , andsumDepths(A, | ) = depth(A, 1, 1)+depth(A,l, 2)

for the total number of accessed tuples.

Previous studies on rank join operators employ the notion of
instance-optimality t0 characterize the cost of an algorithm with
respect to theumDepths metric. Formally, given a class of algo-
rithmsA and a class of rank join instanckesan algorithmA " A
is instance-optimal withi\ andl if there exist constants, and
c:1 such thacost(A, | ) $ comin{cost(B,I )| B " A} + ¢, for
any instancé " | . Constant is called the optimality ratio of\.

In a nutshell, instance-optimality implies that the operator cannot
perform much more 1/O than any other operator on any rank join
instance. We often refer to this propertyradustness and accord-
ingly refer to an instance-optimal operatorrasust.

The PBRJ template. We adopt the formalism of thBull Bound
Rank Join template [13] (or, PBRJ for short) to describe rank join

PBRJ, which extend to the set of deterministic rank join operators
by virtue of this equivalence.

3. LIMITATIONS OF STATE OF THE ART

In this paper we investigate the following question: Is it pos-
sible to design a rank join operator that is both instance-optimal
(or, robust) and computationally efpcient? To provide some back-
ground, we brst review the state of the art in rank join operators,
and then provide a brief overview of an experimental study that
we conducted to evaluate the only known operator to be instance-
optimal in a general setting. These results validate the motivation
behind our work and also provide valuable insights that we use in
the development of our novel rank join operators.

3.1 State of the Art

In what follows, we brie3y review previous studies on rank join
evaluation that consider the same target domain as our work, i.e.,
rank joins with an equi-join condition and several score attributes
per input. Itis important to note that rank join evaluation is related
to the problem of ranked list aggregation, and indeed previous stud-
ies adapt several ideas from the seminal work of Fagin et al [4]. We
also note the existence of studies that consider the generation of
ranked output in a different query model [15, 7, 2], and are there-
fore omitted from our review.

operators. The pseudo-code for PBRJ is shown in Figure 1. PBRJ The HRJN operator of llyas et al. [8] is an instantiation of the

is an algorithm template that is instantiated with two determin-
istic components, namely, a pulling strategy and a bounding
schemeB. On each loop iteration (lines 2D7), the pulling strategy
P chooses a relatioR; to read, and the new tuple is stored in

an input bufferHR; (typically a hash table). New join results are
generated by joining; with the tuples in the other input buffer and
they are pushed to an ordered output buffer After each tuple

is processed, it is given to the bounding schéneia the method
updateBound. The return valué has the following semantics: for
any jointuple! =1y ! l!ssuchthat; " Ry %HR; & '2 "

R2 % HR, it holds thatS(! ) $ t. In other wordst provides a
bound on the score of unseen join results. A call to getNext returns

PBRJ template with thevrner bounding scheme and thé&reshold-
adaptive pulling strategy. The corner bound maintains a per-input
thresholdthr; = S("i), where"; is the last accessed tuple from
the same input, and returmsax(thr1, thr2) as the bound value.
In turn, the threshold-adaptive strategy pulls from the input with
the highest value fothri . HRIN® has been shown to perform well
in practice, but a recent study [13] proved that it is not instance-
optimal for the variant of the rank join problem that we consider.
The PBRJ; [13] rank join operator instantiates the PBRJ tem-
plate with the FR bounding scheme and a round-robin pulling strat-
egy. (We examine this operator in more detail in Section 3.2.) The
original study showed PBRYJ to be instance-optimal within the



class of algorithms and instances that we consider in this paper. To

the best of our knowledge, this is the only known operator to have 40 7 Wleft Depth M Right depth

this property. However, the original study did not provide an em- ,\35
pirical evaluation of PBR , and hence it is not known whether it § ig
performs efpciently in practice. = 20

The recent work of Agrawal and Widom [1] introduced a rank £ 5
join operator in the context of uncertain databases. The main nov- 10
elty of their algorithm is that it operates with limited memory, but 5
the assumption is that it is able to rescan the inputs at different 0

offsets. This makes it unsuitable as an intermediate operator in
pipelined physical plans. Our work targets the scenario where the
inputs can be accessed only in a single-pass fashion, which matches
the model of physical execution plans for ranking queries [10, 14] (@)
Finally, a recent study introduced the LARA-J algorithm [11]
which uses ideas similar to the earliér[12] operator. Both oper-

HRIN* PBRIJ<RR,FR>
Rank Join Operator

ators, however, are debned for problem instances where each rela- :g 30 1/0
tion has a single score attribute. We target the more general variant S 25
of several score attributes per input, which arises frequently in the 220 Bound
pipelined evaluation of several rank join operators [10]. g 15 Other
(=

3.2 PBRI;: Isit Efpcient? s

As indicated in the previous discussion, PBRJ13] is the only § > - -
rank join operator known to be instance-optimal in the general set- &0
ting that we consider. Given that there exist no published results HRIN* PBRI<RR,FR>
on the empirical performance of PBRRJ we conducted an exper- Rank Join Operator
imental study to evaluate its efbciency. Here we review the results
from one representative experiment that lead to some interesting (b)
observations. The details of the experimental methodology and a
detailed review of the results appear in Section 6. Figure 2: A comparison of HRIN* and PBRXR on a problem

We brst review the PBRJ operator. The operator instantiates  instance(R1, Rz, S, K ) such thatK = 100 and each input has
the PBRJ template with the following bounding scheme and pulling 3 base scoresgq = e; = 3). The scores in the two relations are

strategy, respectively: distributed according to a Zipban distribution with skew 0.5
and using a score cut of .75. (The methodology for generating
Feasible Region Bound (FR)The FR bound maintainscaver CR; scores is described in Section 6.1.) Part (a) shows the input

for each inputR; that bounds tightly the base scores of tu- depths of the algorithms, and part (b) shows the total execution
plesinR; % HR;. An example cover is shown in Figure 4(a). time and its breakdown in terms of three components: 1/0 time,
Using this information, FR is able to compute a tight bound time spent in calling the bounding scheme, and time spent in
for the score of an unseen result tupléWe elaborate onthe  other tasks.

details of these covers and the bound computation in Sec-
tion 4.1.

Round Robin Pulling Strategy (RR) The RR pulling strategy sim-  On the other hand, PBEJ follows a blind round-robin pulling

ply alternates between the two inputs. pattern that may lead to unnecessary accesses from a specibc input.

) ) ) Figure 2(b) depicts the overall execution time of the two opera-
As mentioned above, the FR boundzight, which means that it tors for the same experiment. The chart also shows the breakdown
is indeed possible for the unseen tuplesin% HR: andR2 % in terms of three components: time spent doing 1/0, computation
HR to generate a join result whose score is equal to the bound. of the hound on unseen join results, and other computations. The
This tightness property is key in proving that PBRJs instance-  overall execution time indicates that, in spite of the signiPcant sav-
optimal within the class of deterministic rank join operators with ings in 1/0, PBRI actually performs worse. The breakdown re-
an optimality ratio of2. _ veals that the computation of the FR bound dominates in terms of
We now discuss the results of our study. To provide some context -gst and essentially outweighs the savings in 1/0.

for comparison, we pitted PBEJ against the HRJINoperator of We observed similar trends using several other problem instances.
llyas etal. [8]. HRIN makes for an interesting competitor because 1o summarize, the state-of-the-art rank join operators seem to oc-
it was shown to have good performance in practice, yet a recent cypy two OcornersO in the two-dimensional plane that indicates ef-
study proved that it is not instance-optimal. We note that this is pciency and instance-optimality: either they are instance-optimal
the Prst empirical comparison between the two algorithms, and the iyt not efbcient, or they are efbcient but not instance-optimal. The
results are thus of general interest. techniques that we develop in subsequent sections are motivated by

Figure 2(a) shows the performance of the two algorithms in terms s opservation and aim to populate the corner point of efbciency
of the sumDepths metric. PBRE outperforms HRIN by a sig- and instance-optimality.

nibcant margin of 15K tuples, which agrees with the theoretical re-

sults of [13]. Another interesting observation is that HRi®able

to stop considerably earlier on the left input compared to BBRJ 4. THE FRPA RANK JOIN OPERATOR
Essentially, the HRINoperator uses an adaptive pulling strategy Motivated by the observations in the previous section, we em-
that allows it to focus its accesses on the input with most potential. bark on the design of a rank join operator that is both instance-



optimal and computationally efbcient. Our initial approach is to
address the inefpciencies of the PBRJperator. To this end,
we Prst develop th&asr Feasible Region bound (denoted as FIR
which guarantees the tightness property of the FR bound but it
is more efbcient to maintain. We couple the new bound with a
novel pulling strategy termeBotential Adaptive (denoted as PA)
that prioritizes its selections based on a potential metric for each
input. These two components give rise to the novel FRPA operator, ,
which has several attractive properties: (a) it provably outperforms
PBRJ: interms of I/O cost, (b) it is instance-optimal, and (c) the 4
experimental results suggest that it outperforms both HRaN 5
PBRJ: by a wide margin for a large class of inputs. 6
Before detailing the design of the new operator, we introduce 7
some necessary notation and terminology. Gieatfimensional
pointsx = (X1,...,Xe) andy = (yi,...,Ye), we debne the bi-
nary relations , (, and( as follows:x ' yif xi $ y; foralli;
x (yifx' yandx xy;andx( yifx <y; foralli. We say
that a set of point€ is a cover for a set of point& if for every 1
x " X there existx " C such thatx ' c¢. A skyline [3, 9] is 2
a special case of a minimal cover where the covering points come 3
from X . More specibcally, the skyline o, denoted asSL(X ), 4
is the setC * X such thatC coversX and for allc,d " C it 5
holds that )’ ¢'. Finally, we use[i +, #] to denote the pointthat ~ ©
results by substituting thieth coordinate ok with #.

4.1 Overview of the FR Bound

We begin with a short overview of the FR bound used by the
PBRJ: operator [13]. Our presentation focuses on the compo- 1
nents that are relevant to the development of our techniques. We2
refer the reader to the original study for the complete details. 3

The pseudo-code for the FR bound is shown in Figure 3. The

Function FR:UpdateBound (pj)

Input: Tuple p; read from input, ¢ € {1, 2}.

Output: The updated value of the feasible region bound.

Data: CoversCR; and CR2 for b[R1 — HR1] andb[R2 — HR2],
respectively, initialized t§ (1,1, ...,1)}; current groupss1
andGy, initialized to empty; current bounds andgs
initialized tooco

1 if S(pi) < gi then

CR; — FR:UpdateCR (CR;,b[Gi]) ;

g —S(pi);
Gi —{pi};
else
| Gi —Giu{n};

return FR:ResultBound

0

Function FR:UpdateCR (C,Y")
Input: Current covelC'; Set of new score vectois
Output: Updated cover

if Y = (@ thenreturn C; /I Base case for recursion

y « some element of” ;

S «— FR:UpdateCR (C,Y — {y}); /I Recursive Call
ST —fseS|y=<s}; /I Removed points
St — "F_{sT[i—yli]]| s €57}, /I New points

return (S —S~) U (ST N (0,1]8);

Function FR:ResultBound ()

Output: The maximum score of a join resulf X 75 such that
T € Rl — HR1V 7™ € Ry — HR>.

/I Case (i): 71 € HR1{ AN 70 € Ry — HR>

t5over — max{S (b[r1]c2) | 71 € HR1 A ¢2 € CR2} ;

tcz)rdor —g2;
to — min{ tgover’tgrder}:
/I Case (ii): 71 € Ry — HR1 N T2 € HRo

4 t§°V¢" — max{S (c1b[r2]) | c1 € CR1 A 72 € HR2} ;
5 t<1)rder —g1;
t — mln{ t(foveryti)rder};
/I Case (iii): 71 € Ry — HR1 N 7 € Ry — HR>o
gg;/her «— max{S (clcg) | c1 € CR1 A c2 € CR2} ;
— min{g1, g2} ;

main component is the FRUpdateBound function that is in-
voked with every newly accessed tupleand returns the updated
bound value. We bprst discuss the global variables used by the ®
function, namelyCR;, Gi, andg. EachCR; stores a cover of
b[Ri % HR;] and thus delineates a region that contains the base , _Jrder
scores of unseen tuples. (See also Figure 4(a).) Varglitethe 9 tb°”‘ . ¢ eover sordery -
; both = min{ ZLZHET, EPTH} S
score bound of the last accessed tuple fRmandG; comprises /' Einal bound
all observed tuples frorR; with a score bound afj. This effec- 10 return max{t1, t2, tpowh} ;
tively dividesR; into contiguougroups of tuples with equal score
bounds. ThusG; acts as a buffer for the accessed tuples from the
current group and; indicates their score.

The coverCR; is updated with the score vectors@ when a
new group is detected (line 2 in functidspdateBound ). The
idea is the following. Let; be an unseen tuple ahd be a tuple in
G;. Given that; has changed and tht is accessed in decreasing
order ofS, itholdsthaiS(!i) $ S("i) < S(!{). The monotonicity
of S implies thath (!;) cannot dominaté (!{), and thus it follows
that the region dominated ty(!{') can be removed fror@'R; . This
update is performed using functitipdateCR . We do not go into
the details in the interest of space, but we illustrate this update in
Figure 4(b).

Once the global data structures are updatégdateBound
computes and returns the updated value of the bound (line 7). The
computation is done by functioResultBound . Let! - 1!

15 be a result tuple that the rank join operator has not discov-
ered yet, i.e.)1 " Ri % HR1 & !'2 " R2 % HR». Function
ResultBound returns a bound o8(! ), computed as the maxi-
mum of three bounds;, t2, andtyen. Each individual bound cor-
responds to the different possibilities farand! 5. Let us consider
brstts, which represents the cabe" HRi. !2" R2% HR,

i.e., the join tuple is formed by an unseen tupleRaef and a seen
tuple of R;. Clearly, S(!2) provides a correct upper bound for

Figure 3: The FR bound.

S(!), and consequently so dogs # S(!2). This is termed the
order bound and is denoted a$™¥°". A second bound is derived
using the covelCR,. The semantics of the cover imply tHaf! 2)

is dominated by at least one poici in CR2, and consequently
S('1 ! I2) $ S(basg!i)cz). By taking the maximum score
value over all possible choices bf andc,, we obtain a correct
boundt5°¥¢* (line 1 in FunctionResultBound ) termed theover
bound. The bnal bounds is derived as the minimum of the two
correct bounds.

The two remaining bounds, andt,., are debned similarly.
More concretelyt; corresponds to the case where ohjycomes
from the unseen part &, and! > " HR-. The third case is where
both!; and!, are unseen, i.el; " Ry % HR:1 . !2 % HRo.

The threshold value of the feasible region bound is computed as
the maximum over the three possible choices, since each choice
represents a different case for the result tuple !4 ! 1.

Efbciency of the FR Bound.At this point, it is interesting to dis-
cuss the computational efbciency of the FR bound. It is straightfor-
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E §(u i ) — gi t;gover D
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g} tigrder tigrder and
3 teover
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Table 1: Decision matrix on which bounds need to be recom-
15! scoring attribute 19t scoring attribute puted whenresultBound  is invoked after the access of a tu-
ple ";. The symboli denotes the opposite input, i.e.i = 1 if

@ ®) i = 2 and vice versa.

Figure 4: Part (a) shows an example coveC'R; assuming two-
dimensional score vectors. The cover consists of a set of points.
The gray region dominated by the cover points contains the  The revised expressions have clearly lower complexity, assuming

base scores of tuples iiRi % HR; . Part (b) shows an update of of course that the skylines can be maintained efbciently. (We show
the cover using a score vec@oy corresponding to a tuple inG; . _ later that this is indeed possible.) Another interesting property is
The vector identiPes a region, namely the vectors that domi-  that the skylineSL(b[HRi]) is likely to OfreezeO relatively early,

nate y, that must be removed from the feasible region. Any sinceR; is accessed in decreasing orderSoéind this in turn im-
cover points that exist in that region are projected along the plies that the dominating points are accessed brst. The early freeze
boundaries of the removed region. property limits the complexity of computing the cover bounds even

if HR; continues to grow in size.

Avoiding redundant computation. The second observation is that
ward to show that FRUpdateBound is in PTIME under data ~ Some of the computation performed by HResultBound may
complexity, but the exponent of the polynomial and the hidden be cached for subsequent invocations of the function. By identify-
constants contribute to a high overhead. One major source of in-iNg such opportunities we can reduce signipcantly the overhead of
efbciency is the combinatorial complexity of computing the cover the bounding scheme.
bounds. More concretely, each cover bound requires the computa- \We illustrate this point with an example. Suppose that:FR
tion of a cross product, whose size grows as the rank join operator UpdateBound isinvoked withatuplé, " R, suchthab(",) =

accesses more tuples. Moreover, each invocatiorsaflt Bound g1, i.e., the current groufs is not reset. An immediate observa-
requires the computation of three such cross products. tion is thatCR, is not modiPed and the same holds ¢pr Also,

since the pull happened on inpBt, neither CR2, HR2, nor g2
4.2 Operator Debnition change. These observations allow us to assert that, out of the six

The FRPA operator is an instantiation of the PBRJ template (Fig- 20unds computed iResultBound , only {3 may change in
ure 1) using the new FRoounding scheme and the new PA pulling value and thus affect the returned bound. Furthermore, a closer
strategy. (Thus, following the notation established in [13] we can €Xa@mination shows tha may change in value only 1("1)

- h b[HR:]). H , t the fol-
denote the new rank join operator as PEQJ) In what follows, we causes a change GiL,(b[HR1]). Hence, we can assert the fo

describe these two components and then analyze the performancég‘évslﬁﬂggl:féal '(?;a“gggﬁg; I(ifyii% i_ ?rll ktgfﬁr}j%le) value of FR
of FRPA. : A

Let us now consider the converse case wig(t;) < g1. This
421 The ER* Bound causes an update afiR;, which consequently affect§**" and

teover. Also, trder andtoider are affected, sincg; changes in

The FR bound represents an optimized version of the FR bound. \,51,e. However. we observe thgt4" remains unchanged, and in

This implies that it too is a tight bounding scheme, which is crucial additiont™**" remains unmodibed ff; is not a new skyline point.
for the optimality properties of FRPA. Hence, we may still be able to avoid some (potentially signibcant)
Reducing the complexity of cover boundsThe brst observation computation by tracking the skyline &fR; .

behind FR is that it is possible to speed-up the computation of peppition of the FR* Bound. The FR bound incorporates the
cover bounds by taking into account the monotonicity of the scor- hrevious optimizations in the computation of the feasible region
ing functionS. More concretely, let us consider the computation pgiund. Figure 5 shows the pseudo-code’ FRintains a sefHR;

of t"* (line 4 of function FRResultBound ). Considerapoint  hat stores the skyline dfasg HR; ] and is updated with every new

" CRy such thac|) SL(|O]|?1)' The monotonicity °|S guaran- - yple”;. The complexity of this update is linear pSHR; |, and in
tees thatnax{S (cb[!2]) | !2 " HRo} $ max{S (c'b[!2]) | practice we expect it to be low due to the early freeze property. FR

SL(CR1),'2 " HR-}. In other words, the value ¢f***" can be also ensures that each cov@R; forms a skyline, by modifying
computed using solely the points$i.(CR1). Using asimilarrea-  gjightly functionUpdateCR. The trick is to skyline the s&g+ /

soning, we can prove the same result for the skyfiii¢b [1Ry]). (0,1]°, which holds the new points of the cover, prior to performing
This gives rise to the following depnition &f™". the union in line 6 oUpdateCR . This slight modibcation ensures
cover __ " " that FR::UpdateCR always returns a skyline of points.
t = S(cis ¢ " SL(CR1),s2" SL(b[HR . . . .

! max(S (G1s2) | & (CR). 52 (b{HE:])} FunctionResultBound is modibed to use the alternative cover
Similarly, we can redebne the other two cover bounds as shownbound dePnitions and also to selectively recompute the different

below. bound components. The computation of the bound components is
cover . . guided by the decision matrix shown in Table 1. The return value of
2" = max{S (sicz) | s1 " SL(b[HR:]),c2 " SL(CR2)} t is derived using the recomputed components and the cached val-

cover

thoth = max{S (CiC2)| €1 " SL(CR1),c2 " SL(CR2)} ues for the remaining components. Our experimental results show



Function FR*::UpdateBound (p;)
Input: Tuplep; read from input, ¢ € {1,2}.
Output: The updated value of the feasible region bound.
Data: SetsCR; initialized to empty; current groupgs; initialized to
empty; current boundg initialized tooco; SetsSHR; .
SHR; « SL(SHR; U{pi});
if S(pi) < gi then
CR; «— FR*.UpdateCR CR;,b[Gi];
g —S(pi);
Gi —{pi};
else
| Gi —Giu{n};
return FR*::ResultBound

W ~No s WN P

oF

Function FR*::UpdateCR (C,Y")

Input: Current coveC'; Set of new score vectois

Output: Updated cover

/I Same as FRUpdateCR except that the return
statement is the following

6 return (S — S~) U SL(ST N (0,1]°);

Function FR*::ResultBound ()
Output: The maximum score of a join result X  such that
71 € R —HR1V 7™ € Ry — HR>.

/I Same as FRResultBound except: (i) cover
bounds employ SHR; instead of HR;, and (i)
only the bounds shown in Table 1 are
recomputed

Figure 5: The FR* bound.

different metrics to measure the potential of each input, and thus we
expect the two strategies to make different choices. Moreover, we
are able to prove strong optimality properties for the performance
of PA, whereas no such results are known for the HRSixategy.

4.3 Analysis of FRPA

In this section, we analyze the performance of the proposed FRPA
operator in terms of theum Depths metric and overall complexity.

Recall that the adaptive strategy of FRPA aims to avoid the un-
necessary accesses of PBRJ Thus, we expect intuitively that
the new operator will be instance-optimal given that PBRi
instance-optimal. Indeed, we show that FRPA is instance-optimal
with a ratio of 2 within the same class of inputs and algorithms as
PBRJ: . Moreover, we are able to prove a much stronger result:
FRPA can never access more tuples than BBRuh any of the two
inputs. This implies that the new operator dominates FERa
terms of 1/0 cost. These theoretical guarantees provide compelling
evidence in favor of FRPA. The results are of general interest as
well, since, to the best of our knowledge, FRPA is the brst rank join
operator with an adaptive pulling strategy that is instance-optimal
within the same class as PBRJ

The following theorems formalize our results. We omit some
of the details in the proofs in the interest of space. The complete
proofs can be found in the full version of this paper [5].

THEOREM 4.2. Let | = (R1,R2,S,K) be a rank join in-
stance. Then depth(l, FRPA,i) $ depth(l, PBRJ: ,i) for 1 $
i$ 2

PrROOF (Sketch) By contradiction. Assume that there exists
an inputk such thatdepth(l, PBRJ, k) > depth(l, PBRJR ,K).
Let k be the opposing input. For each we debne

that this approach yields signibcant savings in execution time. Inr; — depth(l, PBRIR i), andp; as the depth of FRPA on input
several cases we avoid recomputing some (or even all) of the coverr; right before it pulls tuple’x + 1 on inputk. Hencepx = ri.

bounds, which, as mentioned earlier, have combinatorial complex-

ity.

As a concluding remark, we state the following tightness theo-
rem that follows directly from the equivalence between"ERd
the original FR bound. The tightness property is crucial for the
optimality results that we state later.

THEOREM 4.1. Let | be a rank join instance and consider the
execution of PBRJ on | using the FR* bound. Then, after each
accessed tuple ", FR*:UpdateBound ("i) returns a tight upper
bound for S(! ) where! =111 loand!1" R1%HR1 & 2"
R2 % HRo.

4.2.2 The PA Pulling Strategy
The motivation behind the PA strategy comes from the experi-

Lett be the bound of FRPA before the next pull which is computed
asmax{ty,tg,toon}. By debnition,pot, = max{ty,teetn} and
pOtg = {tlz y tboth} .

The proof proceeds by showing two claimg: $ S*™, and
pot, > potg. We also know thapot, # S'°™ otherwise the al-
gorithm would not pull from inpuk. We distinguish the following
cases:

pot, = ti. It follows thatpot, = S*™™ andpot; < S*™. The
latter implies that no top results exist that USBE" %HR;. Atthis
point, FRPA has already computed the same solution as fBRJ
and the bound indicates that no better results exist from either of
the two inputs. Hence, the algorithm should not pull further than
p« Which is a contradiction.

mental results shown in Figure 2(a). We observe that the OblindQpot, = teotn. Given thatpot, > potg, it has to be thatpen >
round-robin strategy accesses both inputs equally, although there ismax{ tpon, tg} Which is a contradiction. [

evidence from the adaptive strategy of HRJNat the left input is
less important for computing a solution. Thus, the goal is to de-
sign an adaptive strategy that works with the*fund and yields
strong guarantees on the performance of the rank join operator.

THEOREM 4.3. FRPA is instance-optimal within the same class
of algorithms and inputs as PBRJER with the same optimality ra-
tio, assuming that the cost of an algorithm is measured with the

At a high level, PA accesses tuples from the input relations based swnDepths metric.
on a metric that quantiPes the potential of each relation to generate PROOF. LetA andl be the classes of algorithms and inputs, re-
a high scoring result. More concretely, we debne the OpotentialGpectively, for which PBRE is instance-optimal. Let " | be a

metricpot; = max{ti,twotn} that measures the maximum score of
a result tuple using a tuple R; % HR;. The PA pulling strategy

problem instance and &t " A be the optimal algorithm for solv-
ing | . Instance-optimality implies thaumDepths(PBRJ; ,1) $

is then dePned as follows: Choose the input that has the maximal2 asumDepths(A, 1 ) + c for a constant that is independent df

potential, breaking ties in favor of the input with the least depth,
then the input with the least index.

Intuitively, PA can be viewed as a generalization of the HRIN
pulling strategy to the feasible-region bound. However, PA utilizes

andA. It follows from Theorem 4.2 thatumDepths(FRPA'1) $
sumDepths(PBRJR ,1), and henceumDepths(FRPA1) $ 24
sumDepths(A, 1 )+c. Sincel was chosen arbitrarily, we can con-
clude that FRPA is instance-optimal with a ratio2of []



We examine next the computational complexity of the new rank resolution of the grid limits the total number of possible score vec-
join operator. Our discussion focuses on the"HR®und, since tors and thus constrain€’'R; |. However, this mechanism requires
the complexity of the adaptive pulling strategy is constant. It is a very coarse grid resolution in order to guarantee thé; | al-
straightforward to show that FRs in PTIME under data complex-  ways remains below a specibc size. For instance, to |iGW; |
ity, similarly to FR. The analysis, however, indicates that kiR below 500 for 3 score attributes, each dimension must be quantized
herits the same worst case. More concretely, the complexity of to 8 intervals. A coarse resolution provides a loose approximation
FR" involves an exponential dependency to the maximum number of the actual feasible region, which in turn affects the usefulness of
of score attributes in the two inputs, which essentially stems from cover bounds. Moreover, this coarse resolution is used even if the
the maximum theoretical size of the cover®; and CR,. Even preciseCR; would be small in size.
though this theoretical maximum is loose, we have observed em- The proposed aFR bound essentially combines the aforemen-
pirically that the sizes of the covers can grow very quickly with the tioned solutions in an attempt to overcome their shortcomings. It
number of score attributes. As a concrete example, for one spe-employs a grid to quantize the space of score vectors and thus limit
cibc experiment we observed thétR, | + | CR2| grew by an order the size of CR;. The difference is that the resolution of the grid
of magnitude when the number of score attributes increased by 1.is not bxed, but it is adapted dynamically so that the siz€'Bf
This growth has a negative effect on the overall execution time of is always bounded by some system-debned threshold. Tis,
the operator and in certain cases cancels the benebts of reducedontinues to evolve a&R; is updated, and there is an effort to
pulling. keepCR; as OdetailedO as possible given the size threshold and the

characteristics of the input.

5. THE ADAPTIVE a-FRPA OPERATOR 512 The Grid Tree Structure

As mentioned in the concluding remarks of the previous section, Th . f dapti is d ithothie
the increased complexity of the FRound can affect negatively the € maintenance of an adaptive cover is done witlgtiifree
data structure that we discuss in the following paragraphs. Our

performance of the rank join operator. Itis interesting to ponder the ; . . LT
development of a tight bounding scheme with low computational Presentation assumes that the grid tree is used to maintain a cover
for some seX of points that reside in the unit hyper-cube ef

complexity, but the hardness results presented in [13] make this di . In th f a-ERPX. will h
an unpromising option. Hence, we adopt a different approach and 'men;'oogs_"(y”}} N con(;extho a 5 ;Ntl) representﬁ:q € score
introduce a heuristic that attempts to control the complexity of the vector_ [Ri 0 Fi] ande the num €r of base Scoresi.

FR* bound at the potential expense of tightness. . Agridtreeisa quad-tree over the unit hyper-rectahgtenpris-
More concretely, we develop a new bounding scheme, termed thed Lo |evels, whereL o is a parameter of the structure. We use
Adaptive Feasible Region bound and denoted as aFR, that main-Y to denote the root node of the tree and assume that it resides
tains coversCR, and CR, of bounded size. The new b’ounding at level0. The quad-tree organization allows us to view the nodes

: ; ol 448 o
scheme is compatible with the adaptive pulling strategy of the pre- at _each Iev_el asa “”'fo”‘? gri’ 0 aaa 2 - We calll the reso-
vious section and thus gives rise to the a-FRPA operator. The ba_Iutlon of this particular grid. Thus, the grid tree represents several

sic idea behind aFR is to associate edR; to aresolution that grids with Fes_o'“?‘om’ T L.O %1. Only one resolution i_s_ active
controls its size. The resolution is initially high and is decreased ﬁt eaI(_:h 5°im in time and it is denotedlas) $ L <L o. Initially,
=Lo%1.

accordingly as the cover grows in size. The tradeoff is that the
resulting CR; may not enclose tightly the space of unseen tuple
scores, which in turn makes the aFR bound loose.

The adaptation achieved by the a-FRPA operator has the follow- A 2
ing interesting property: a-FRPA behaves exactly like FRPA when at Ieyell <L isimplicitly markeq i it ':0%15 a descendant at level
both covers are small, and exactly like the HRXyperator when ~ that is marked. We usepverPoints(u™, 1) to denote the set of
both covers grow very large. Thus, a-FRPA represents an interest-COVEr points inferred by the marked nodes at lével
ing hybrid that can adapt its behavior gradually from a provably Ve denote the level of a node as u.level. Each node also

instance-optimal operator to a computationally efbcient operator, rtzc_:ords an lllntegerhcohunter: covered dePned as the nulin ?j%: of
depending on the characteristics of the input. a.jacent. cellsr such thaiu v. ujf v. (vismarke
v is dominated by a marked noddn other wordsu. covered records

5.1 The aFR Bound the number of directly adjacent cells that are either covered or dom-
{'nated by a covered cell. The grid tree always satisbes the following
invariant for the nodes at levél:

A nodeu at levelL is either marked or unmarked. A marked
contributes a cover point i’R; whose coordinates are denoted as
b (u) and are equal to the upper-right corneuofAn internal node

This section describes the adaptive aFR bound. We brst presen
the main intuitions behind the design of aFR and then discuss its

details. Grid Tree Invariant If a nodeu is marked them. covered = 0.

5.4.1 DeSlgn 0vew1?w _ _ _ This invariant ensures that no poiat" coverPoints(u™, L)
We begin our presentation with two alternative bounding schemesgominates any other poiit in the same set. Thus, the cover is a

that address the same problem B constraining the siz&af Our skyline of points, which is benebcial for the computation of cover

goal is to present the shortcomings of these straightforward solu- hounds as explained in Section 4.2.1.

tions and also to develop the intuition behind the*aFR bound. The grid tree can be initialized by marking nodes at lévslich
One solution is to simply stop updatirigzi in FR*:UpdateCR that the invariant is satisPed. Subsequently, fundtipdateGridCR

if |CRi| exceeds a threshold. The obvious shortcoming is that the (shown in Figure 7) can be invoked to update the set of marked

feasible region OfreezesO past some point, and thus fails to captutgydes according to a score vecsosuch tha) X " X :s' x. In

accurately the score vectorsbiR; % HRi] asHRi grows. the context of a rank join operata,= b(! ) for a tuple! " Gi,
Another solution is to maintain the cover over a grid that quan- ang thusJpdateGridCR has a similar role as FRUpdateCR.

tizes the space of score vectors. More concretely, each dimensionThe function uses the quad-tree structure to efpciently identify the
is quantized in a bPxed number of intervals and all cover computa-

tions inside FR:UpdateCR occur at the corners of the grid. The  'Each node in the quad-tree has a fan-o2%f
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Figure 6: An exampl(g)of grid tree update. The grid tﬁg()e is built for an input that hafg)z scores¢ = 2). Part (e%j)shows the original
tree where the only marked cell corresponds to the cover pointl, 1) and assuming that the resolution id. = 3. Parts (bBd) show the
state of the grid tree after it is updated with three score vectors. Each part shows the updated marked nodes and the implied cover
points, as well as the change from the previous marked nodes. In all Pgures, the gray region depicts the feasible region for the scores
of unseen tuples.

H H / ' / H ]
ProcedureaFR:updateGridCR (s, u, L) dominated neighbot’ of ¢ such thatx ' ¢’. Sincec was origi-

2 . C
Input: Score vectos. Nodeu of the quad-tree index. On the brst nally marked, it implies that s covered, i.e.¢ -,C?””ed > 0.1t
call, u should be the root of the quad-tree. The deptbf the is possible to show that eithet.covered > 0 or ¢’ is marked after
quad-tree index. the call, which implies that is dominated by at least one marked
1 if p A b[u] then return ; cell in C’ and this contradicts our original assumptiori.]
2 if u.level < Lthen// w is an internal node
3 | if wis unmarked thenreturn ; The second property follows directly from the debnition of the
g forezg:;ﬁldd gt(;f éﬁ.’é’ Cdlg’”’(”“”ceL ‘gfd” do algorithm and states that the grid tree invariant continues to hold.
'L e S This ensures thatoverPoints(u™, L) forms a skyline which is
6 else ifu.level = Lthen// w is a grid cell desirable for the efbcient computation of cover bounds.
7 if w is unmarked then return ;
g ?Or‘rgq;ﬁ“; Cuh v & udo LEMMA 5.1. The grid tree invariant continues to hold on u™®
Vv u v u . H root
10 decrease. covered after the completion of UpdateGridCR (s, u™,L).
11 if v.covered = 0 then markv;

N 5.1.3 Definition of the aFR Bound

We are now ready to debne the aFR bound. As hinted earlier,
aFR uses a separate grid tree for each iffpub maintain an adap-
tive cover ofb (Ri % HR;). The main idea is to start with a grid
tree of high resolution and then to gradually reduce it in order to
marked nodes at level that dominates. These nodes are un-  maintain| CR; | below a given threshold.
marked, and their dominated cells are then marked if the invariant ~ The functions comprising the bounding scheme are shown in
is not violated. This has the effect of OslidingO the induced coverFigure 8. The main arRJpdateBound function follows closely
points, as shown in Figure 6. The complexity of processing an the logic and data structures of FRJpdateBound . The differ-
update is linear to the number of marked cells that dominate the ence lies in function aFfUpdateCR that maintains the adaptive
input score vectos, which is controlled by the current resolution  cover. Initially, the cover is maintained as in FRUpdateCR
L $ Lo. Overall, this results in an efpcient update mechanism which ensures thaf'R; encloses tightly the feasible regiontofR; %
with controlled space and time complexity, but the feasible region HR;). If | CR;| exceeds a predePned thresholdzCRSize, then
implied by coverPoints(u™, L) is not guaranteed to be tight. the cover points are transferred to a grid &' which maintains

We now prove some important properties on the correctness of an adaptive cover df [R; % HR;] from that point onward. If the
the update mechanism. The brst property states that we obtain aadaptive cover also exceeds the size threshold, then the resolution
correct cover after the update. of the grid tree is reduced and the grid tree is reinitialized. We note
that FR employs a separate copy of this mechanism for each input,
which makes it possible to maintain a precise cover for one input
while using an adaptive cover on the other.

At the limit, the resolution of the grid-tree can be reduced down
to the minimum value 0. In this casequerPoints(u{°®, 0) con-

Figure 7: Maintenance of a grid cover.

THEOREM 5.1. Let X be a set of score vectors and assume that
coverPoints (U™, L) provides a cover for X. Let s be a score
vector such that) X " X :s' X. Then, after the completion
of UpdateGridCR (s, u™®, L), coverPoints(u™®, L) remains a
cover for X .

tains just the pointl, ..., 1) and thus the aFR bound becomes the

PrROOF. (Sketch) The proof works by contradiction. L@t de- same as the corner bound of the HRIJgorithm. Thus, an inter-
note the setoverPoints(u™, L) before the update call, ard esting property of the aFR bound is that it can adapt its computation
denote the set after the call respectively. Assume that there exists d&rom the tight feasible region bound to the loose and straightfor-
vectorx " X that is not covered by any point @. SinceC’ is a ward corner bound.
correct cover, then there was at least one vectbrC’ such that The debnition of the bound employs two more functions, namely
x ' c. Sincex is not covered, this implies thatwas unmarked by aFR:InitializeGridCR and aFRResultBound . The for-
the update call, which implies tha{( ¢ from line 1. It follows mer traverses the grid tree after a set of points is marked and ensures

from the assumptions of the theorem tldf c. Also, because that the grid tree invariant is enforced. The second function com-
S is quantized on the grid, it follows that there exists at least one putes the Pnal value of the bound and its depbnition is the same as



Function aFR:UpdateBound (p;)

Input: Newly accessed tuple

Output: A bound on the score of unseen join results

Data: VariablesGij, gi, CR;j, andSHR; debned the same as for
FR*:UpdateBound ; A positive integemazCRSize.

Same as FR*:UpdateBound in Figure 5 except

for the following lines

CR; — aFR:UpdateCR (CR;j, b[Gj], mazCRSize);

return aFR:ResultBound ()

I

Function aFR:UpdateCR (Ci, Y, mazCRSize)
Input: A coverC; for the unseen portion aR; ; A set of score vectors
Y'; A positive integermazCRSize.
Output: An updated cover foR; that contains at mostazCRSize
points.
Data: Current resolutiorl; for the grid cover, initialized tac. A
grid treeu/°® of maximum resolutior.0.

1 if Li = oo then
2 C «— FR*:UpdateCR (C;,Y) ;
3 if |C| > mazCRSize then
4 Li — LY
5 Mark the nodes at levdl; corresponding t@;
6 aFR:InitializeGridCR (ulo®t, Li);
7 C « coverPoints(ul°®, Lj) ;
8 else
9 foreachs € Y do aFR:UpdateGridCR (s, u[°®, L; );
10 | C « coverPoints(uf®, L;);
11 while |C| > mazCRSize do
12 Mark the nodes at levdl; — 1 of u{°°‘ that contain a marked
node at level;;
13 aFR:InitializeGridCR (uloot, Lj —1);
14 Li — Lj —1;
15 | C « coverPoints(u{®", L;);
16 return C
ProcedureaFR:InitializeGridCR (u, L)
Input: Nodew of the grid tree. On the brst cail,should be the root
of the grid tree. Resolutioh of the grid tree.
1 if u.level = L then
2 u.covered — [{v| u < v A uK
v A (vismarkedV v.covered > 0)};
3 if w is marked and v.covered > 0 then unmarku;
4 else
5 foreach child v of u in dominance order do
6 L | aFR:nitializeGridCR (v, L);

Function aFR:ResultBound()
Output: The value of the aFR bound based B ; oyand CRy; 2y

/I Same as FR*:ResultBound

Figure 8: The aFR bound.

FR*::ResultBound . The difference is that the contents GR;
may come from the marked nodes in the grid tree structure.

5.2 The a-FRPA Operator

The a-FRPA operator is the instantiation of the PBRJ template
using the aFR bounding scheme and the PA pulling strategy. (Thus
it can be denoted as PBI}, in the notation of [13].) We note
that it is straightforward to adapt the PA strategy to the new aFR
bound by simply debning each potential mepat; in terms of the
bounds computed in aEResult Bound.

| Parameter | Possible Values (Default in bold)
e: Number of score attributes 1,2,3,4
c. Score cut .25,.5,.75,1
z: Skew of score distribution 0,.5,1
K : Number of results 1,10, 100, 1000

Table 2: Parameters used in the experimental study. Default
values are shown in bold.

2nd Score Attribute

c 1
1st Score Attribute

Figure 9: lllustration of the effect of parameter ¢ for e = 2.
The gray region contains the randomly generated score vectors
that appear in the base data.

Based on the debnition of the aFR bound, it is clear that a-FRPA
behaves exactly the same as FRPA as long as the size of #ach
is below the threshold parameterazCRSize. Under these con-
ditions, FRPA inherits the same nice theoretical properties and is
thus instance-optimal. Once the size threshold is exceeded, aFR is
not guaranteed to be tight and hence FRPA is not instance-optimal.
However, a-FRPA is able to compute its bound much faster given
that it employs a fast cover update mechanism and the size of each
CR; is always constrained.

As mentioned above, a-FRPA behaves exactly like the instance-
optimal FRPA operator if neither of the two covers are reduced to a
grid-tree. Another interesting observation is that a-FRPA behaves
precisely like the HRJNoperator if the resolution of both adaptive
covers is reduced t0. Thus, a-FRPA can adapt its behavior from
an instance-optimal operator to a computationally efbcient operator
depending on the characteristics of the input.

6. EXPERIMENTAL STUDY

In this section, we present the results of an experimental study
that we conducted in order to validate the effectiveness of the pre-
sented rank join operators. Our study addresses the following high-
level questions: is the adaptive operator a-FRPA more efbcient than
FRPA (Section 6.2.1); do the new operators compare favorably to
the existing operators PBFRJ and HRJIN (Section 6.2.2); and,
how well do the new operators perform when used in pipelined
physical plans (Section 6.2.3).

In what follows, we brst describe the experimental methodology
and then present the results of the study.

6.1 Methodology

We describe the data sets, queries, techniques, and evaluation
metrics that we use in our experimental study. The parameters of
our methodology are summarized in Table 2.

Data. The experimental study employs the well known TPC-H data
'set. We generate several random instances using Vivek NarasayyaOs
data generatérthat injects skew in the distribution of values and
joins. The data scale factor to is set to 1.

2ftp://itp.research.microsoft.com/users/
viveknar/tpcdskew



We further extend the relations in the TPC-H schema with sev- 6.2 Results
eral score attributes and assign to them random values for each
tuple. The generation of score values is controlled by three pa- 6.2.1 Performance of Adaptive Feasible Region Bound
rameters termed, z, andc. Parametee controls the number of This set of experiments evaluates the performance of a-FRPA
score attributes per relation. For a specibwe generate the score  that employs the novel adaptive feasible region bound. The brst
vector of each tuple by drawing its score values independently at goal is to assess the sensitivity of the operator to its parameters,
random from a ZipPan distribution of skew The only constraint  namely the initial resolutioh o and the size thresholdazCRSize.
is that we do not generate any score vectors that dominate the pointwe also compare the operator against FRPA, in order to examine
(c,c,...,c) specibed by the third parameter. Thus, the generated the performance implications of the loose adaptive bound. We set
score vectors lie in the hyper-cube @tlimensions except thata e = 3 in the experiments that follow, since we want to stress test
hyper-rectangle of volume is removed from the upper-right cor-  the ability of a-FRPA to maintain an adaptive cover for each input.
ner. Figure 9 illustrates this idea fer= 2. As shown, the result- Figure 10 shows the performance of a-FRPA as we vary the pa-
ing score vectors match the intuition for real-life data sets: Certain rametermazCRSize. The initial resolution is kept bxed &at; =
score vectors may attain the maximum score ¢6r some coor- 64. As expected, theumDepths metric decreases as the thresh-
dinates, but there is a trade-off between the score attributes thatold increases, since a high threshold allows a-FRPA to maintain a
precludes the ideal poirft, 1, ..., 1) from appearing. more detailed cover for each input. The execution time graph, how-

We note that the size of the data set is not a parameter of ourever, reveals that the overhead of maintaining the detailed cover
study. This happens because a rank join operator accesses only autweighs the benebts of reduced I/O, thus increasing execution

prePx of each relation, and thus its performance is affected primar- time. These results suggest that smaller thresholds are likely to be
ily by the number of top results (paramete) and the distribution more effective.

of scores (parametees z, andc). We also observe that a-FRPA tracks closely the instance-optimal
Rank Joins. Our experiments employ instances of the rank join depth of FRPA as long as the threshold value is sufpbciently large (in
problem on the aforementioned data. We Retand R to the this experiment, greater than 500). The increased depth, however,

Lineitem and Orders relations respectively, because they are theiS countered with the far more efbcient computation of the adaptive

largest tables and thus have enough variability to create interestingCOVer bound. As a result, the total execution time of a-FRPA is far
problem instances. Th® function simply sums up the score at- 0Wer compared to FRPA. As an example, fouzCRSize = 500,

tributes from the two inputs. (Recall that each input basore a-FRPA improves on the execution time of FRPA by 48%, even
attributes as described previously.) The numikeof results is a  though it perform=3% more pulls on both inputs. o
parameter that we vary depending on the experiment. Figure 11 shows the performance of a-FRPA as we vary the ini-

] ] ) tial resolutionL . The size threshold is kept Pxed at 500. The
Techniques. The evaluation study compares four different rank ., Depths metric is rather insensitive to, since the bnal reso-
join operators: the FRPA and a-FRPA operators that we introduce ytjon of the adaptive cover bound is determined by the size thresh-
in this paper, and the existing operators PER[L3] and HRIN [8]. o1 which is Pxed at 500. This behavior implies that a lower initial
As we saw earlier, PBRJ is the only instance-optimal operatorin  resojution is likely to be more efPcient, as there is less adaptation
the existing literature, and HRJMas been shown to performwell 5 the pnal resolution. This intuition is veribed by the measured
in practice even though it is not instance-optimal. - execution times.

The above operators access each input in sorted ordsrbyf Compared to FRPA, we observe a similar trend as the previous
scanning a clustered index of the respective relation. (We build experiment. More concretely, a-FRPA has a highenDepths
a separate index for each value @] This setting represents a  metric, but the efbciency of the aFR bound offsets the additional
best-case scenario for the cost of I/O and gives an advantage to thg;o ¢ost and results in a lower total execution time.
competitor algorithms.as we ex.plain Iatgr. In practice we expect  \ye conducted more experiments with different values fpand
that access to eaéh will be costlier, e.g., it may come through an ., R Size and obtained similar results. We also tested a-FRPA
uncluste_red index, or |_t may be_streamed over the network similar against the naive solutions mentioned in Section 5, namely, main-
to the middleware setting described by Fagin et al. [4] . taining a preciseCR; up to a specibc size, and using a grid of a
The operators are implemented in C++ and compiled with g++ pyeq resolution. In all cases, the adaptive cover of a-FRPA per-
and -O2 optimization Rag. We use the following experimental plat- fqrmed better in both of our evaluation metrics.
form: Ubuntu Linux version 8.04, Intel Quad-Core 2.5GHz, 4GB oyerall, the results demonstrate that a-FRPA provides an effec-
of RAM, and a single 500GB 7200RPM (SATA) disk. tive hybrid between the instance-optimal 1/0 of FRPA and compu-
Evaluation Metrics. We measure the performance of the above tational efbciency. Based on the measurements, we henceforth in-
operators using two metrics, namebymDepths and wall clock stantiate a-FRPA using.arCRSize = 500 andL o = 64. We note
execution time. The metrics are measured after the completion of that these were not the optimal settings for the specibc experiments,
theK -th getNext call to the rank join operator. TheimDepths but we want to avoid over-pbtting the operator to the parameters of
metric measures the total number of tuple pulls and thus provides athe empirical study.
system-independent metric for 1/0. The wall clock execution time 6.2.2 Comparative Evaluation
is measured with a cold cache for each operator and it indicates the =" P )
efbciency of the operator on our experimental platform. The next experiments compare the FRPA and a-FRPA opera-
To attain some statistical robustness and to guard against outlierstors introduced in this paper against the state-of-the-art operators
in the generation of score values, we repeat each experiment using?RJIN" and P_BRm . The evaluation is done relative to the param-
pve different random data instances. All bve instances conform to eters shown in Table 2.

the same experimental parameters but employ a different seed forgffect of score cut €). Figure 12 shows the performance of the

the generation of score values. For each experiment, we report thefour rank join operators as a function of the scorecutSee Fig-

average of each metric over the corresponding Pve instances. ure 9 for an explanation of the parameter.) We begin our discussion
with the results for theumDepths metric. Compared to HRIN



the new operators incur similar /O far= 1, but the difference thus validating the trends that we observed in the previous exper-
increases with lower values afand reaches one order of magni- iments. As a concrete data point, a-FRPA improves the 1/0O of
tude forc = 0.5. The inefpciency of HRJINis due to its bound- HRJIN* and PBRY, by 3.50 and64% respectively, and execu-
ing scheme, which makes the often unrealistic assumption that thetion time by30 and66% respectively. The FRPA operator offers
ideal score vectof1, 1,..., 1) is present in the two inputs. This  similar improvements.

assumption causes the bound to drop at a slower rate, which in turnEffect of score skew(z). Our experiments with the skeavof the
makes HRJIN OreachO deeper in each input. The new operators,score distribution showed qualitatively the same results as for the

on the other_hand, empl(_)y the feasible region hound, which ‘?daptsdefault settingz = 0.5. We omit them in the interest of space.
its computation automatically to the scores actually present in the

input. This adaptation yields a tighter bound, which in turn allows

FRPA and a-FRPA to terminate much earlier. 6.2.3 Evaluation of Pipelined Plans
The two new operators also outperform the existing FRRap- The Pnal experiments evaluate the performance of the different

erator in all experiments. PBERJ uses the same bound as FRPA operators when they are composed in a pipelined physical plan.

and a-FRPA, butits rou_nd-robln pulling strategy leads to more I/O. More concretely, we consider three ranking queries over the fol-

compared to the adaptive strategy of the new operators. The dif-," . RS

ference is signibcant and ranges from 7K to 100K tuples. These lowing natural joins: LI O,L! O! C,andL! O! C! P

results vi';llidgtelthe eﬁectivenegs of the new strate irlip;voi-din the(table symbols correspond to the initial letter of Lineitem, Orders,

Ouseless® pulls of PERJ We note that a-FRPA r?gs exactl tae Customers, and Part respectively). Each relation has exactly one

same 1/O e?formance as FRPA in this experiment, since th)(/e cover>0"® attributed = 1) whose values are generated using the same
P P ’ process as the previous experiments with= 0.5, andc = 0.5.

of each input remains below the threshold of 500 points. The ranking functiors aggregates base scores across all relations.

: 9 several binary rank join operators of the same type. Khee-

its 1/0 overhead, followed by PBEJ which has a high computa- g . . ~
. sults are obtained by invoking the top operat@dd/ext method
tional overhead for the FR bound. The new operators are the mostan equal number of times.

ﬁ;igfg\t/;r':;;% tf;\esyalr::%?rclr(z?: g)g;n?etgg r;gv'ezsplzvi\/séosr;puta- The experiments that follow employ solely HRIENd a-FRPA
) P, e 0 as the rank join operators for the binary plans. We omit FRPA and

more efpcient compared to PBRJand more than @ more ef- R . - .
. PBRJ: , since the previous experiments showed that a-FRPA is
bcient compared to HRIN (a-FRPA behaves the same as FRPA more efbcient in practice.

and;hui_has the lsdak;ne efbflpengyf)tr\]Net nolte that the difference ;In eg— Figure 15 shows the performance of the HRJ&Ahd a-FRPA
e ooy et s eSS e AephYSea plans for e (e rankig qures i v considr. W
ploy P xK = 10. The results demonstrate that a-FRPA remains far more

scenario for the cost of /0. efbcient than HRINwhen used in a pipelined plan, both in terms
Effect of number of base scores per input€). Figure 13 shows of 1/0 and total execution time. As an example, the new operator
the performance of the four rank join operators as a function of improves I/O by50 and execution time bg.70 respectively for

e. The results fosumDepths demonstrate that the new operators the 3-way rank join. The reason is similar as in the previous exper-
improve on both HRIJNand PBRE by a signibcant margin for  iments: Effective tracking of the input scores through the feasible
1$ e$ 3. Forinstance, the improvement is one order of magni- regions of each input, which in turn allows the operator to termi-

tude and75% respectively whee = 1. The inefpciency of HRIN nate early. Moreover, the grid tree mechanism allows a-FRPA to
is due again to its corner bounding scheme, which assumes thattrack each feasible region efbciently.
the maximum score vectdi, 1, ..., 1) is present in both inputs. We note that we performed experiments varying other parame-

PBRJR is able to track the input scores more accurately through ters of interest and observed similar trends as the previous results.
the feasible region bound, but its round-robin pulling strategy leads
to more 1/O than necessary. The new operators address both short-
comings: they employ the feasible region bound to track scores ac-
curately, and they use adaptive pulling to avoid useless pulls. The 7. CONCLUSIONS
same trend appears in the total execution time of the operators.
The results fore = 4 reveal a different picture. We note that
PBRJ: and FRPA are omitted from the graph because they re-
quired more than 10 hours to complete. Essentially, the cav&rs
explode in size and their maintenance becomes prohibitively ex-
pensive. a-FRPA is able to handle this explosion through its adap-
tive bound, whose space complexity is constrained byrtheCRSize
parameter (500). In this case, however, the 4-dimensional cover
does not translate in savings in terms of thenDepths metric,
which in turn makes the total execution time of a-FRPA similar to
that of HRJIN'. This trend suggests that the latter is the operato
of choice when both inputs have a high number of score attributes
(although the frequency of this setting in practice is not clear).

In this paper, we examined rank join operators by considering
both 1/0 cost and total execution time. Our empirical study of
existing state-of-the-art operators showed that they are not effec-
tive when evaluated under both metrics. This led to the creation
of the FRPA operator which is instance-optimal and far more efp-
cient than the currently known instance-optimal operator. We also
introduced the a-FRPA operator that can adapt its behavior auto-
matically between the instance-optimal FRPA operator and the em-
pirically efpcient HRJIN operator depending on the input. Our ex-

r perimental results validated the effectiveness of the new operators
and demonstrated that they offer signibcant performance improve-
ments compared to existing operators.

Effect of number of results (K ). Figure 14 shows the perfor- AcEnO\_NIedfgmint_s. Wef vlv]ishdtg thlf.nk hSe(rjge Al\biteboul ?nhd_ Karlk
mance of the four operators as we véry the number of retrieved ~ Scnnaitter for their useful feedback in the development of this work.

results. The results indicate that FRPA and a-FRPA yield substan- | iS Work was partially supported by the National Sciencel Foun-
tial improvements both in terms of /O and total execution time, dation under Grant No. 11S-0447966p, and by an IBM Faculty De-
velopment Award.
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Figure 12: Effect of score cutc on performance of rank join operators. (K = 10,z = .5,e = 2.)
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Figure 13: Effect of parameter e on performance of rank join operators (K = 10,¢c = .5,z = .5).
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