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Abstract specific function that depends on v.
Such queries arise naturally in a number of domains such as
We study the efficient evaluation of top-k queries over data online-shopping, traffic planning, and financial analysis. For ex-
items, where the score of each item is dynamically computed byample, in online-shoppiny,users can specify selection criteria
applying an item-specific function whose parameter value is spec-(€.9., the color/model of a cell phone) over the inventory of items
ified in the query. For example, online retail stores rank items through a form-based interface, and ask to have selected items
by price, which may be a function of the quantity being queried: sorted by price. The novel aspect of the problem that we con-
“Stay 3 nights, get a 15% discount on double-bed rooms” Sim- sider is that item price could reflect, for example, price discounts
ilarly, while ranking possible routes in online maps by predicted based on promotional rules such as the following: “Stay 3 nights,
congestion level, the score (congestion) is a function of the time get a 15% discount,” or “Buy 2 Canon printer cartridges, get the
being queried, e.g., “At 5PM on a Friday in Palo Alto, the con- third one free,” or “Buy 2 Motorola Razr cell-phones, get $50 off.”
gestion level on 101 North is high” Since the parameter—the Thus, the score for ranking (i.e., the price) is a function of a param-
number of nights or the time the online map is queried, in the eter in the query—such as the quantity of items being purchased,
above examples—is only known at query time, and online applica-or the number of nights stayed—that determines which promo-
tions have stringent response-time requirements, it is infeasible totional rules apply.
evaluate every item-specific function to determine the item scores, ~As another example, consider online traffic information sites,
especially when the number of items is large. Further, space con-Which return recommended traffic routes to users, and incorporate
siderations make it infeasible to pre-compute and store the scoretime-of-day traffic congestion data in making a recommendation.
of each item for each value of the input parameter. In this pa- Fora particular time-of-day, the congestion level of a route may be
per, we develop a novel technique that compresses the (large) seestimated by rules such as "At 3PM, congestion level on highway
of item scores for all parameter values by dividing the parame- 280 in a 10-mile radius around Palo Alto is high.” When a user
ter range into intervals, taking into account the expected query asks for the least congested routes in a particular geographic re-
workload. This compressed representation is then used to do top-kgion (the selection criterion) at a given time, the system may wish
pruning of query results. Our experiments show that the proposedt0 quickly determine the top few least-congested routes in that re-
techniques are scalable and efficient. gion. In this case too, the score (i.e., the congestion level) of a
particular route is not constant but is a function of the time-of-day,
which is a parameter specified in the query.
) As afinal example, consider predictive financial modeling, where
1. Introduction the prices of individual stocks are modeled as a function of time,
and analysts wish to determine the top few predicted gainers/losers
We address the problem of efficiently executing a new class in & particular category (selection condition) at a future time in-
of top-k queries on very large sets of items. A query can spec- stant. Again, the score (i.e., the expected gain/loss of a stock) of a
ify selection criteria on the items and the value v of a parameter particular stock is a function of the future time instant of interest,
that controls item scores, and ask to see the top k items rankedVhich is a query parameter.
by score, where the score of each item is computed by an item-prghlem Definition. The top-k problem we consider can be for-
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items satisfyingPred, where the score of an iteiris defined to be captures the value range > 2 and the minimum score of in
fi(v). (Note: lower score= higher rank) that range i9.90 x 150. Thus, in this example, just by storing
two intervals for the item, we obtain a representation that does not
éose any information about the function. A more complex function
f; is shown in Figure 1(c). Herg is split into three intervals, but
the minimum score for each interval only approximafes

Clearly, the effectiveness of our approach depends on how well
the intervals are chosen. One of the main technical contributions of
this paper is an algorithm that takes as input a given set of items,
the corresponding functions, and a space budget, and then uses
query workload information to produce a set of intervals that are
provably close to optimal for that workload. The algorithm scales
linearly with the number of items, and makes few assumptions
about the nature of functions. Specifically, the algorithm only as-
sumes that (a) we can efficiently find the minimum valuefpf
(or arelatively tight lower bound of the minimum value ) for
a given parameter range, which is true for most rule-based score
computations such as the ones described above, and (b) the num-
ber of distinct parameter values (such as quantities, times-of-day,

for a given time of day. For a query, Pred is a selection condi- . )
tion on routes (e.g., “Location = Palo Alto™,is the time of day, etc.),¢, in the query workloao_l is of the orde_r of hundre_ds_, or thou-
sands because the complexity of the algorithm is cubic in

andk is the desired number of least congested routes. The predic- ; .
We have experimentally evaluated our approach using Yahoo!

A hae solition 6 s problem is to select alltne temat  S"OPPING data. Our experimenal resuls show tha the proposed
satisfy the query predicate, compute the scfire) for eachi, approach offers §|gn|f|cant savings in space and time when com-
sort by score, and return the items with the lowest score. This ap_par_e_d to alternative approaches. Further, our resglts ;how that ex-
proach does not scale to a large number of items and/or unselectiv@IOItIng the query W(_)rkload to choos_e the e_lpproprla_te intervals for
top-k query processing also results in significant gains. To the best

predicates, especially if the functiofisare expensive. I ) o
Another simple solution is to precompute and store the score of our knowledge, this is the first attempt to optimize the perfor-
mance of top-k queries using query workloads.

for every (item, parameter value) pair. Queries can then be an- ) LA .
swered efficiently by simply looking up the top-scored selected In summary, the main contributions of the paper are:
items for a given query value. However, the typically large number
of items (e.g., all products, all stock symbols) taken in conjunction
with many possible parameter values (e.qg., all possible quantities,
all times-of-day) makes precomputing prohibitively expensive in e Showing how the the problem of computing optimal inter-

We restrict our attention in this paper to discrete étthat
have a few hundred to a few thousand parameter values. We not
that when) is a continuous set, rather than a discrete set, our ap-
proach can be modified by approximating eggctvith a piecewise
linear function, where again, the number of pieces is relatively
small. However, we do not explore these modifications here.

As an illustration of the above problem definition, consider our
online-shopping example. Herkis the set of products being sold,

V is the set of possible product quantities in an order, Ard)

is a function that computes the unit price of produéor a given
quantityv. For a queryQ, Pred is a selection condition on prod-
ucts (e.g., “Make = Canon” and “Color = Blue,is the desired
quantity of a given product, ankis the number of products that
can be shown on the result page. For the online traffic information
example,l is the set of routed; is the set of possible times of day,
and f; is a function that computes the congestion level of raute

e Efficient top-k query processing techniques over function
intervals (Section 2).

terms of space. Note that even if every item does not havg an vals for a set of items given a query workload can be de-
that varies with the query parameter value (e.g., even if every item composed into a set of small sub-problems corresponding
is not on sale), a large number of items have sfi¢h(e.g., a sig- to each item, which can then be solved and combined effi-
nificant number of items are on sale online), which results in a ciently using standard optimization techniques (Section 3).

large space overhead. This space overhead is particularly bad for ) ) )
large online applications, where all the data and indices are stored ® Experimental evaluation of the proposed algorithms (Sec-
in main-memory in order to achieve acceptable throughput and re- tion 4).
sponse time (see Section 4 for more details).

To address these limitations, we propose a novel approach thaty Proposed Approach
works as follows. Instead of storing the score for every (item, ) ] ] )
parameter value) pair as in the precomputation approach, we store Figure 2 describes the high level architecture of our proposed
a dramatically compressed representation of this data. We do sPProach. The query processing module uses the indexed items
by exploiting the fact that the query parameter values are drawn and intervals to answer queries (the process is initially starte_d with
from (or can be mapped to) an underlying ordered domain; in our & default set of |nteryals, such as a single |nt.er.val for each item).
examples, quantity and time-of-day are such parameters. The keyThe mte_rval generation mo_dule gat_hers statistics from the query
idea is to split the parameter values associated with an item intoProcessing module and refines the intervals so that they are tuned
one or mordntervals and then store only thainimumscore for (0 the query workload and fit into the space budget. We focus on
each (item, interval) pair. The total number of intervals is chosen the guery processing module in this section, and address interval
such that they fit within a specified space budget. We then performd€éneration in Section 3.
top-k query processing by adapting threshold-based pruning [12, The_qut_ary processing module conceptually uses two_ tgbles as
13] to prune a large number of intervals (and the corresponding Shown in Figures 3 and 4 (these tables are physically optimized us-
items) that cannot possibly make it to the top few results. ing indices, as _wnII be d_esc_rlbed shortly)._TIhbemtabIe contains

To see the benefits of our approach, consider the fungtion & oW for each iteni, which includeg’s attributes and the function

shown in Figure 1(b). It can naturally be split into two intervals /i~ Thel nterval table contains a set of intervals correspond-
Tvaly and Tvala. Tval; captures value range = 1 (ie., 1 < ing to each itemi, and each interval contains the low value of

v < 1) and the minimum score of in that range isl50; Tvals thg ?nterval {owv), the high value. of the.intervahéghv).and the
minimum value off; for that particular interval (That isninf;
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F1: Buy two, get the third free F2: Buy at least two, get 10% off Apply F1+F2 to the same item
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Figure 1. Functions Corresponding to Promotional Rules
Query  Query answers [Tntid [ Ttenid [ lowv | highv | minf; ]
A i 3 2 oo 55
2 6 1 ) 60
; ) 4 5 3 ) 80
P
rocessing Processing 5 2 1 s 90
6 7 3 ) 95
7 4 6 00 100
8 4 1 3 100
9 1 3 00 110
10 4 4 5 112
Culprits Interval 11 7 2 2 115
Log Generation 10 5 1 > 120
13 7 1 1 150
_ ) 14 8 1 0 230
Figure 2. System Architecture 15 1 1 2 250
16 9 1 00 255
[ 1d ] Make | Model [ Weight [ fi |
1 Panasonic] DC643 | 0.35lbs | f1 .
7 Panasonic| GDC65 | 0.22Ibs | T Figure 4. The I nterval Table
3 Siemens | D345 0.45lbs f3
4 Motorola | Razr 0.22Ibs | fa [Ttenmd [ quantityv [ fa(v) |
5 Motorola | Sleek 0.21lbs fs 2 1 150
6 Motorola | Rokr 0.23lbs fe Z 5 135
7 Motorola | Krzr 0.23bs | fr Z 3 100
8 Motorola | Q 0.30lbs | fs Z Z 112
9 Motorola | Rizr 0.26lbs fo y) 5 120
4 6 100
) 4 7 106
Figure 3. The ItemTable Z 8 112
= MiNye [jows, nigho) fi (v)-) As an illustration, consider the item Figure 5. Scores for Itemd 4

with I t enml d 4. A table summarizing its score (i.¢,) is shown

in Figure 5. We see in Figure 4 that it has 3 intervals associated

with it — [1, 3], [4, 5], [6, co] — each of which is associated with  tainv. Specifically, we create a (temporary) table that is the join of
a differentl nt | d and its correspondinguin f4. Specifically, the the item table and the interval table, index the item attributes using

smallest value of’s on the interval1, 3], associated withnt | d traditional B+-trees, and index the interval attribute using an inter-
8, is (referring again to Figure 5)00 = min{150, 135, 100}, val/segment tree [2]. The temporary table is sorted in ascending
while the smallest value ofs on the interval[4, 5], associated order of minf; so that the B+-tree indices and interval/segment

with | nt1d 10, is112 = min{112, 120}. tree store the interval row ids in score order. Given these index

Given a queryQ = (Preds, v, k), the main idea of the query  structures, producing the intervals that match the query in the or-
processing algorithm is to (a) identify the intervals containing  der of theirmin f; is simple: we look up the indices correspoding
that correspond to items satisfyiRgeds, (b) process these inter-  to the attributes iPreds andv and simply do a merge-based in-
vals in the order of their score, and (c) stop as soon as thé top- tersection to produce ids in score order.
items corresponding to these intervals of found. In order to speed  Algorithm 1 shows the query processing algorithm. Given a
up (a), we index the item attributes and intervals so that we canquery@ = (Preds, v, k), the algorithm first produces intervals in
rapidly look up the items that satisfy-eds and intervals that con-  minf; order as described in step (a) above (line 2). For exam-
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ple, suppose we had quey = (Make = ‘Motorola’, 5,2). Then

the algorithm will (conceptually) generate the lstrepresented

in Figure 6. Of course in practice, this entire list will not be gen-
erated; only the first few interval ids necessary for the algorithm
will be processed. For each interval id, the algorithm determines
the intervakival corresponding to that id (line 4) and checks to see
if minf; is greater than or equal to the score of #ik element

in the heap (line 5; if there are less tharelements in the heap,
the condition always fails). If this condition is true, then we know
that the item corresponding foal, and all items corresponding to
intervals that occur aftewal in L, can never make it to the top-k
results (note that this reasoning is similar to that in the Threshold
Algorithm [12, 13]). Consequently, query processing can termi-

[Intld J1tenld [ lowv | highv [ minf; | fi(5) ]
2 6 1 00 60 1085
4 5 3 0 30 150
6 7 3 o0 95 130
10 4 4 5 112 120
14 3 1 o0 230 230
16 9 1 o0 255 260
Figure 6. List of intervals matching query Q=

(Make = ‘Motorola’ ,5,2)

nate and the algorithm can return without accessing the remainingerties relatingf;’s and item intervals to develop an algorithm that

items. Otherwise, the item correspondingital is added to the
ResultHeap if itsf; (v) is lower than the score of thé" item in
the result heap (lines 9-10).

Algorithm 1 Query Processing Algorithm
Require: Preds, v, k

. return top-k answers in order of score (lowest score first)
. L:=Listofids of I nt er val s that contain» and whose items satisfy
Preds (found via indices on Item and Interval tables)
. Initialize ResultHeap of sizé
: for (id in L in increasing order of idylo
ival = getinterval(id);
if (tval.minf; > score ofkth item in ResultHeapthen
break;
else
iscore = getltem(id). f; (v);
if (iscore < score ofkt” item in ResultHeap)hen
ResultHeap.addval.itemId, iscore);
end if
end if

14: end for

In our example withQ) = (Make = ‘Motorola’, v = 5,k = 2),
the algorithm first considetst erl d 6, with min f;=60, the first
entry in Figure 6. It finds the true scorg(5), which is 108.5.
Since ResultHeap is empty, it addsemnd d 6 to the heap with
score 108.5 (lines 10-11). Next, the algorithm considié¢reni d
5, with true scorefs(5) = 150, now addingl t em d 5 to the
heap with score 150. The algorithm continues on temn d 7
with scoref7(5) = 130. Since this is smaller than tHeh score
of the heap (hergs = 2), it replaced t eml d 5withltem d 7
in the heap. Next, the algorithm examinesen d 4 with score
f4(5) = 120. Again, this is better than theth score of the heap,
thus,I t em d 4 replaced t eml d 7. Finally, the algorithm pro-
cesses t em d 8. Now, minf; is larger than théth score of the
heap, sd t enml d 8 and any further items in the list cannot possi-

is both efficient and provably close to optimal. Since the algorithm
is efficient, it can be periodically run offline to tune the intervals
to changing query workloads.

3.1 Problem Statement

We begin by motivating our cost model. If we consider the cost
of evaluating a query) using Algorithm 1, we can identify two
components of the overall cost. The first component isfittesl
cost which is the cost of evaluating, independenof the choice
of intervals. The fixed cost has three parts: (1) the index probes
(line 2)2 (2) k iterations of the for loop that add the top-k results
to the result heap (lines 10-11), and (3) the final iteration of the for
loop when the termination condition is satisfied (lines 6-7). If we
computed and stored all possible intervals, then each query would
only incur the fixed cost. In the example algorithm run usipg
= (Make = ‘Motorola’, 5,2), processind t el d 6 and 4 count
as fixed cost (part (2)), as does procesdingm d 8 (part (3)),
since these are necessary steps regardless of the intervals chosen.
Note that under a different choice of intervals, we may process a
different item than 8 in part 3. However, we must process some
item to trigger our termination condition.

The second component of the cost isvaeable costwhich is
the cost of evaluating a query after excluding the fixed cost. This
component of the cost depends on the choice of intervals. Given
a queryQ@ and a specific choice of intervafg, if the Algorithm 1
iterates over its for loop: times, then the variable cost is the cost
of evaluatingm — k — 1 iterations. (We arrive at the number —

k — 1 because out of the total af iterations k iterations are used
to produce the actual top-k results, and the last iteration is for the
termination condition.). These — k — 1 iterations correspond to
items/intervals that are processed by the algorithm but which never
make it to the top-k results, i.e., they correspond to intervals whose
minimum score is lower than the max top-k score (otherwise, they

bly be better than what we have seen so far. Thus, the algorithmyoyid not have been processed by the algorithm) but whose actual

terminates (line 7), returninigt em d 6 and 4.

score for the particular query parameter is greater than the max
top-k score (because they are not part of the top-k results). Each

of the items that correspond to these— k — 1 iterations of the
variable cost is called aulprit. In our example, botht em d

Lo 5 and 7 are culprits. The max top-k score was actually 120, but
We now focus on the problem of selecting intervals. The key ; . e

. . we processed botht el d 5 and 7 since their respectivein f;
challenge is to use the query workload to determine the best set

: . . scores were 80 and 95, less than 120. The actual s¢df®, of
of intervals that (a) reduce the overall query processing time, and . . . .
: . - . these items is 150 and 130, respectively, so they were not in the
(b) satisfy the space budget constraints. The naive solution—

enumerating all possible sets of intervals—has computational com-31hg resuits of the index probes may differ based on the choice
plexity that is exponential in the number of items, which is clearly of intervals, but the number of index probes (which is the main
infeasible. However, we show that we can exploit some key prop- determinant of the cost) is independent of the choice of intervals.

3. Interval Selection Algorithm
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top-k list. (Had we chosen different intervals, these items would
never need to be processed.)

Our goal is to minimize the total variable cost over all queries
in a query workload)QW = [Q1, ..., Qx]. In other words, we wish

to minimize all costs other than the minimum fixed cost that must

be incurred for each quer®;. Before formalizing this problem
statement, we define the notion értition. Let I be the set of
items, and leffvals be the set of all possible parameter intervals.

DEFINITION 1. Partition. A partition P is a functionP :
I — 2™ such that for ali € I, the intervals inP(i) (a) are

non-overlapping (to avoid redundancy), and (b) cover the entire

value range (to avoid missing values).

Intuitively, a partition is just a formal way to denote a specific
choice of intervals. In particulaf? (i) specifies the set of inter-
vals for itemi. For exampleP(4) = {[1, 3], [4, 5], [6, co] } in our
running example, whilé(3) = {[1, 1], [2, oo]}.

Recall that the variable cost of evaluating a quérusing a

DEFINITION 2. Variable Cost of an Item. The variable cost
for an itemi € I given a partitionP and a query workload)W
is defined to be:

ve; (I, P, QW) =1{Q | Q € QW A € culprits(I,P,Q)}|

(In this definition,{} refers to a bag, not a set, in order to deal
correctly with duplicate queries.)

In other words, the variable cost for an itéris the number of
times the item appears as a culprit in the query workload, i.e., the
number of times an interval associated with an item is processed
by Algorithm 1 without the item being part of the final top-k result
(recall that a culprit is defined just above the problem definition in
the previous section). Itis easy to see that. , vei (1, P, QW) =
> gecow varcost(l,P,Q), i.e., the sum of the variable costs of
all items is the same as the sum of the variable costs of all queries
(which in turn is the same as the overall variable cost).

Let maxscore(l, Q) denote thekth largest score from among

partition P is defined as the cost of evaluating each one of the the results obtained by evaluating Q owvefi.e., the maximum

m — k — 1iterations (lines 10-11 in Algorithm 1). We consider the

value of f;(v) among the items in the top-k results). The following

cost of each iteration to be a single unit and then define the variablelemma says essentially that if two different partitions agree on item

cost of query@ using partition, denotedvarcost(I, P, Q), to
bem — k — 1. We use the notatioaulprits(I, P, Q), to refer to
the set of items whose intervals are processed imthe k — 1
iterations ofQ that contribute to its variable cost. In our example,
culprits(I,P,Q) = {5, 7}, andvarcost(I,P, Q) = 2.

As we mentioned eatrlier, if there were no limit on the number
of intervals,y ., |P(4)|, then we could choose a partitighsuch
thatvarcost(I,P,Q) = 0 andculprits(I,P,Q) = 0 for all Q

— essentially, this creates an interval for each distinct query pa-

1, thenvc; agrees for both partitions, over any query workload.

LEMMA 1. Independence Property. Given a set of itemd
and a space budget let AllParts be the set of all partitions that
satisfy the space budget. Then, given a query work{@&d:

Vi € I, V'Ph Py € AllPaTtS, (Pl (’L) = PQ(’L)
= ’UCZ‘(I, P, QW) = UCi(I,PQ, QW))
PROOF Consider a partitio® € AllParts and a query) =

rameter value for each item. In practice, we must limit the number (Preds,v,k) € QW. Letvlvalg ; be the interval inP (i) con-

of intervals due to memory limitations.
We can now formally state our problem:

Problem Definition. Given a set of itemg, the set of all pos-
sible value intervalsival, a query workload@QW, and a space
budgets, find a partition’? that minimizes the overall variable
cost) o cow (varcost(I, P, Q)), subject to the space constraint

Zie] [P(i)] < s.

3.2 Proposed Algorithm

A simple way to solve the above problem is to explicitly enu-

merate all the partitions that satisfy the space budget, compute th

cost for each such partition, and finally pick the partition that has
the minimum cost. However, this is likely to be very inefficient
due to the large number of possible partitions. Specifically, if the
number of distinct query parameter values, ihen the number of

possible partitions i itf“f“). (There are2t interval split points

tainingv. (Recall that theP(4)’s are non-overlapping and cover
the entire value range, so there is exactly one interval that satisfies
this condition.) From Algorithm 1, we can see that for an item
and quenyQ:

min

i € culprits(I, P, Q) < mazscore(l,Q) <
v’EvI’ualei

fi(v")
i.e.,iis a culprit iff its minimum score in the interval that contains
v is less than the top-k maximum score. Thus, = | {Q | Q €
QWA mazxscoreq < min,u/e,,lle)ifi(v’)} [, which only de-
pends orP(4) (in the definition ofvlvalg,;), and does not depend
onP(j),j # i. This proves the claim. [J

Informally, the property states that the benefit of choosing a

eparticular set of intervals for itemis independenof the choice of

intervals for other items. That is, the value choseng#) does

not affect the value obc; for item j # i. Consequently, we can
solve the problem for each item separately, and then combine to
produce the overall solution. We will show the overall complexity
of our algorithm that exploits this observation @t* x |I| +

for eachfi, one before and one after every parameter value seen;sjog 1|+ || x [QW ), and it produces a solution that is within a

thus, the total number of interval split points for all item8is |I].
From these, we need to choose- |I| split points, since we start

factor(s — |I| — 2t +1)/(s — |I|) of optimal (we will show later
that in fact, the complexity of the algorithm is usually much less,

with || intervals and each additional split increases the number of especially for theZ| x |QW| component).

intervals by one.) Thus, for even modest sized databases, such as Our algorithm works in two steps. It first finds the optimal way
one having 10000 items, 10 parameter values and a space budgeb choosew intervals,1 < w < 2t + 1, for each item (recall that

of 20000, we hav 2?325) possible partitions!

Fortunately, it turns out that we can exploit a key property re-

t is the number of parameter values seen, so therétgressible
split points, one before and one after each seen value, and thus a

lating partitions that dramatically reduces the set of partitions that maximum of2¢ + 1 intervals). It then finds the global optimum

need to be considered. We first introduce some notation.

by choosingws:, wa, ...,w) | such thatw + w2 + ... + wj; < s
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Itend | Val ue | MaxTopKScore initially running the algorithm using th&, partition, and logging

j g i(l)g information for each culprit. .

7 5 105 Given theCul pri t s table, we can determine the valuewaf

7 3 1085 for a given choice of intervals for an itein As an illustration of

7 5 109.75 how this can be done, consider the item corresponding & d

4 4 108 4 in Figures 3 and 4, witlf, and intervals shown in Figure 5. We

4 4 106 can augment this figure by selecting the rows in@u prits

4 7 102 table that correspond tbt eml d 4, and plotting each of these

4 7 104 rows as a point on the figure where the x-coordinate of a row is its

Val ue and the y-coordinate isaxTopKScor e. Each of these
points represents a potential culprit. Figure 8 shows Figure 5 aug-
mented by plotting the points fort em d 4 from theCul prits

table (the scale on the x-axis has been altered slightly so that the
170 S —— points can be seen more clearly; we have also shown the graph di-

Figure 7. Example Cul prits Table

vided into cells, which we will use later.). Now, suppose that item
160 1 4 is broken into interval$l, 3], [4, 5], [6, c0]. (We represent this
150 - i in Figure 8 by drawing darkened vertical lines just before- 4
40 I | andz = 6.) For each interval, we can draw a darkened line that
- represents the minimum score ff in that interval. For example,
£ 1307 H for the interval[6, oo], the minimum score line (MSL) is drawn
2 120 ‘ i at a value of 100. In this case, exactly two points (i.e. potential
A culprits) fall between that line and the function graph in Figure 8.
HOFoy o] For the interval[4, 5], the MSL is drawn at a value of 112, and
100 3 1 - we see all seven points (i.e. potential culprits) lie below this line.
90 | | Finally, the MSL for([1, 3] occurs at score 100, and no points lie
| above it. In general, the total number of points that appear above
80 —— these MSLs is exactly the value of;. The intuition behind this
o 1 2 3 4 5 6 7 8 910 reasoning is that if we choose a particular set of intervals for an
Value item 4, thens can only be a culprit for a quer§ if the minimum
score of the relevant interval éfis less than the max top-k score
. . L of @ (otherwise,i would be pruned by the algorithm before it is
Flgure 8 Culprits for 1t em d 4, shown divided processed). Consequently, only the points above the MSL for an
into regions : . Y .
interval contribute tac;. So in this particular casecs = 2. Had
we used just the single intervl, o], then all potential culprits
would have contributed, making:, rise t09.
and choosingy; intervals for item; gives us the globally optimal Recall that our goal is to minimize the value«af; for a given
partition. We now describe these two steps in more detalil. number of intervalsv. Thus, in pictorial terms, we want to choose

w intervals such that the number of points above the MSLs is min-

3.2.1 Finding Optimal Intervals for a Single Item  imized. Since it is convenient to think of this problem as a maxi-

The current problem is to find for each itarthe optimal way ~ Mization problem, we can equivalently view the problenmesi-
to choose 1 interval, 2 intervals, 2t + 1 intervals. Here, opti- ~ Mizingthe number of pointbelowthe MSLs. Thus, we can define
mal means minimizing the variable cast;. In order to solve this the benefit for each interval to simply be the number of points be-
problem, we first create@ul pri t s table using the query work- low its MSL, and our goal then is to find a set of intervals such that
load. Th;eCulprits table has three columnstenId, Value and the total benefit is maximized. More formally, for intervall of
MaxTopKScore, and it contains the following set of rows: item i, we can define its benefit to be:

ItemlId, Value, MaxTopKScore) € Culprits BENEFIT;(Tval)
p p

Q € QW A TtemId € culprits(I, Po, Q) = |{(Itemld, Value,MaxTopKScore) € Culprits |
A Value = Q.v A MaxTopKScore = maxscore(l,Q)} Ttemld = i-id \ MaxTopKScore < veTonl fi()}
whereDP, is the partition in which each item is assigned the single and the best benefit for iteirbroken intow intervals:
interval that covers its entire value range. Intuitively, @ prits
table has one row for each culprit of each query, and the row con-
tains thel t enl d of the culprit, the parameter value of the query,
and the maximum score of the top-k results of the query. Figure 7 For instance, in our running examplegBEFIT4([4,5]) = 7,
shows an exampléul pr i t s table for different queries/parameter while BENEFIT4([3, 5]) = 0 since including 3 in the interval drops
values for item 4. Note that the culprits table is dependent both onmin f4 to 100, below thenazscore.
the score of the item for different values (i.¢;), as well as the Given the above definitions, we can use a dynamic program-
query workload. ming algorithm to find the total benefit for the optimal set of in-
Creating theCul pri t s table does not require additional pro- tervals. Algorithm 2 shows the pseudocode. The algorithm is run
cessing; it can be created easily during regular query processing byon each item. The initialization phase first computes the benefit

BESTBENEFITi(w):PA‘gl(?;‘(_ > BENEFIT;(fval).
: T IvaleP(3)
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Figure 9. BESTBENEFIT() for item 4

for every interval. Then, for each point betweeand2t + 1, the

algorithm computes the best number of intervals generated up to

that point. This is done in line 5, by finding the maximum benefit
of a choice of intervals for that point.

Algorithm 2 Interval Generation Algorithm

Require: Intervals{Ival;y } for itemi.

Initialize B(Ival ;i) = BENEFIT; (Ivalj) for j, k =1,2, ...,

Initialize arr;[1] = B(Ivaly;) forj =1,2,...,2t + 1.

for w=2t02t 4+ 1do
for j =1to2t+ 1do

arrjw] = max;/ 5 ;{arry

end for

end for

BESTBENEFIT; (w) = arri[w] forallw = 1,2, ...

2t+1.

—1[w—1] +B(Ival; ;)}

2t + 1.

We summarize the results of Algorithm 2 on our running ex-
ample forl t em d 4 in Figure 9.

Once the values for BNEFIT;(-) have been computed, the al-
gorithm takes timeD(t> x |I|). However, we still need to address
how we actually compute these values.

Note that for each entry in the culprits table, there are at most item, we denoted this number byEBTBENEFIT; (w).

O(t?) intervals whose BNEFIT(-) value is affected. Hence, a
simple way of implementing the initialization in step 1 is to take
a pass through th@ul pri t s table, updating BNEFIT; (fval 1)

for each affectedval ;1. This takes timeO(t* x |Table|), where
|T'able| is the size of thetul pri t s table. However, we can do

much better than this naive implementation, as we now describe.

Fix an itemi. Roughly speaking, we divide the space of Values
x Scores intaD(t*) rectangular pieces (shown, e.g., in Figure 8).

The top and bottom of each rectangle correspond to MSLs of two

intervals associated with iteinwhile the left and right side corre-
spond to vertical lines drawn though two consecutive split points.
We will aggregate the number of culprits in each of these cells.
Somewhat more precisely, defiNSL; ([val) = minye ra fi (v),
and label thg**}!) intervals associated with iteitby Ival', Tval®, ...
s0 thatMSL; (Ival) < MSL,(Ival’') for all j < j'. (For nota-
tional convenience, we will also defifdSL; (fval®) —00.)
Let s, denote the/-th split point for itemi, and define regionRj[
as follows, forj = 1,...(*"), ¢ =1,2,...,2¢:

Ly {(value, score)]
value € [s¢, Se41)

A score € [MSL;(Tval’ "), MSL; (Ival’))}.

(In Figure 8, regionRéA has been highlighted.) Rather than pro-
cessing each entry of theul pri t s table individually, we first

(As we can see in Figure 8%%,4 contains 2 entries from the cul-
prits table, henceg , = 2.) Note that we can calculate thesg

in one pass through th@ul pri t s table. Once these values of
cl, are known, we can calculate the values of tHeNBFIT;(-) in
O(t*) time for each iterd. The algorithm for calculating BNEFIT; (+)
for a fixed item: is given below, labeled as Algorithm 3.

Algorithm 3 Benefit Calculation Algorithm

Require: Item: and the values ofjé as defined above

1: for £ =1to 2t do
2. Reseth:=0.
for j = 1to (*') do
Updateb := b + cjé.
5 if interval Jval’ contains the intervels,, s, 1) then
6: Increment BENEFIT; (Tval?) by b.
7. end if
8 end for
9: end for

The time to calculate the’, is O(|Table| x logt); for each
entry in theCul pri t s table, we must find in which regioR’j[
it belongs, takingD(log t) time per entry. Once we have thg,
we spend an additiona(t® x |I]) time to calculate the values
for BENEFIT;(-). Finally, as we mentioned earlier, the dynamic
programming portion runs in timé@(t> x |I|). Hence, the total
running time for this piece i©(t* x |I| + |Table| x logt).

3.2.2 Combining Single Item Intervals

In the previous subsection, we saw how to break the interval
of a given item intow pieces in such a way that we maximized
the number of avoided culprits, for any givem For thei-th
Recall-
ing that we have a storage constraint limiting us to use at most
s items, we must findw; + w2 + ... + w;; < s such that
BESTBENEFIT: (w1) + ... + BESTBENEFIT;(wy)) is as large
as possible.

Throughout, we assume that each item will be broken into at
most2t + 1 pieces. For eachandj, we keep track of the incre-
mental improvement of using+ 1 intervals to describe theth
item, instead of jusj. We usec;; to denote that improvement.

cij = BESTBENEFIT;(j + 1) — BESTBENEFIT;(5).

Notice thatz | cij = BESTBENEFIT;(k+1) since the sum tele-
scopes. Thus our problem is equivalent to finding-. . .+ 5 <
san such thaty "Il S°% | ¢;; is maximized. (For readability, we
’ definesas = s — |I].)

For the sake of intuition, consider the following rephrasing of
the problem: We are giveld | decks of cards. Each card has some
nonnegative number written on it, and we can see all of these num-
bers. (Thejth card in theith deck has the numbes;.) We must
choosesgqy cards in total from our decks so that the sum of the
numbers is maximized, subject to the constraint that if we choose
the jth card from some deck, then we must also choosel sihe
2nd, ...,(j — 1)th cards from that deck as well.

To continue the running example, the table in Figure 10(a)
contains several items and their interval benefits. The item with
It em d 4, for example, contains the sequence 0, 7, 0, 2, indicat-

aggregate over each of these regions. Specifically, we computeing that using two intervals gives no benefit over using one, while

¢y = |{(ItemId, Value, MaxTopKScore) € Culprits | ItemId =
i.id, (Value, MaxTopKScore) € Rj,}|, for eachy, ¢, and itemi.

using three intervals gives a benefit of 7 over using two intervals.
Using four intervals gives a no benefit over using three intervals,
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and using five intervals gives a benefit of 2 over using four inter- into two intervals, then no choice of an interval split point would
vals. (Thatisgar = 0,ca2 = 7,ca3 = 0,caa = 2.) These values,  avoid any culprits (because queries are only for vales, and
of course, follow directly from Figure 9, the output of Algorithm 7, and splitting on either side of these values offers no benefit
2forltem d 4. (The other values fat;; given in Figure 10 are  because the MSLs of the resulting intervals will still be at 100).
not derivable from the information we have seen previously in the Thus,cs,1 = 0in this case. However, if we decide to split the item
running example.) For simplicity, we will assume that there are into three intervals, then we can split it into the intervals shown in
only five items inI. Figure 8, and this would avoid 7 culprits. Thuse = 7 > c4;.

So in general, it is not the case thaf > c¢;; for all ¢ and
3.2.2.1 Exact Algorithm for Combining Intervals.  j < j'. To address this, we “smooth” the; to producec;; such

There is a dynamic programming algorithm to solve this prob- thatc;; > ¢, forall i andj < j’, along with other important

lem exactly. Continuing our running example withy = 5, the properties. This smoothi_ng te_chnique corresponds to a “c_onvex
exact algorithm would také, 8 from the item withItemId = 6; hull” approach that was first discovered by Dyer [10] and, inde-
it would take thes, 4 from item 7; and it would take the from pendently, by Zemel [22] in the context of the multiple-choice

item 8. Thus, the total benefit is 24, and the algorithm indicates knapsack problem. Although the majority of work on the multiple-

that item 4 should be described with just one interval, items 6 and choice knapsack problem has focused on strong theoretical guar-

7 using three intervals, and item 8 using two intervals. antees, several papers [16, 17, 1] have produced much simpler al-
Although the dynamic programming algorithm works in poly- gorithms with incredibly strong guarantees in practice. While pre-

nomial time, the approach takeXsq« x |I|) time just to execute  Vious work focused on producing(& + €) approximation, giving

its outer loop. Sinceqr and|I| are both very large, this approach ~an algorithm whose running time dependedepthe work of [16,

is impractical, even in our off-line setting. 17, 1] gives an an algorithm with no such dependence, and whose
However, we note that if;; > c;; for all 4 and allj < j’, solution in our context is at lea6tar — 2¢ + 1) /sar times as good

the exact solution can be found very efficiently using the greedy as optimal. Since we expesf to be thousands of times larger

algorithm: Simply find thesu« largestc;;, where we break ties thant in practice, this shows that the approximate solution is bet-

in favor of the smallerj. In this case, we thus have an efficient ter than99.9% of optimal. For the sake of completeness, we de-

algorithm. scribe the smoothing algorithm below, and give a simple example
to illustrate the main ideas.
LEMMA 2. Lett > 0, I,s andsqr = s — |I| be as above, and For readability, we define the notatiorvé(c;j, ..., cix) =

let ¢;; be nonnegative numbers, as above,ifer 1,2, ..., ||, and
Jj=1,...t, withe;; > ¢, forall i andj < j'. Then there is
an algorithm running inO(slog|I|) time that finds nonnegative
integersky, ..., k7| that maximize

1 k
T 2ol Cil

Algorithm 4 Smoothing Algorithm[16, 17, 1]

Requirg: Cil; Ci2; -+ -5 Cit-
| k; 1: Initialize ¢; 441 «— —o0, j «— 1.

chij . while j < tdo

2
im1 =1 i Letk = ,argma%,ZjAVG(cij, ey Cilel )
. : Assignc, «— AVG(c;j,...,ci) forall £ € [4, k].
subject toky + ... + k7| < sair. 5 o (cis ®) [7: K]
6

Updatej — k + 1.

PROOF lItis helpful to think of this algorithm using our “decks - end while
of cards” formulation. Recall that we hayE decks of cards, each
with a top card (i.e. thest card of the deck). From the$H top Essentially, the algorithm starts atg and looks ahead to see
cards, take the one with the largest value. (Hence, if we removeif there is any subsequeny;: that can increase the average value
the top card from thgth deck, then theénd card is now the top  of all intermediatec;x,7 < k < j'. As can be seen, this algo-
card of the deck.) Simply repeat this until we have takgrcards.  rithm has complexityO(¢). Although there is a somewhat faster

Clearly, this algorithm works in the specified time: we sim- algorithm running in timeO(t log ¢), improvements here do not
ply need to maintain a heap-like datastructure to find the largest-significantly improve the overall running time of the entire algo-
valued top card at each step, takiGlog |I|) time. Since we  rithm.
repeat the stepuq times, this isO(sqr log |]) time spent iterat- As an illustration of the smoothing technique, consider again
ing. Counting the set-up time for the heap®f|I| log |I|), this is the item withItemId 4 in Figure 10(a). Intuitively, we would like
a total time ofO(slog |1]). However, we still need to argue that to get the 7; however, we need to use the O first. So we replace
the algorithm produces the maximum value. the 0, 7 with two copies of their average3.5, 3.5. Notice that

But notice that by the assumption that > ¢;;/ forall j < 5/, taking 0, then7, is helpful exactly when taking.5 followed by
we have that the largest remaining card is the top card for some3.5 is helpful. Continuing, we replace tig2 with two copies of
deck. So the algorithm described above actually findsgheards their average:l, 1. In general, we find the prefix sequence with
with the largest values; hence we must have the cards with thethe largest average; this may simply be the first item of the se-
largest total sum. [ quence. We then replace each of those values with the average,

and recursively iterate on the remaining sequence. We repeat this
smoothing for items 6, 7, and 8. The smoothed values are shown

3.2.2.2 Smoothing. in Figure 10(b).

Unfortunately, thec;;s will not be decreasing in general. In With the smoothed values; in hand, we simply find the
fact, the table in Figure 10(a) produced from Figure 8 reflects this. largest values, as described in Lemma 2. As we noted in the
More concretely, consider the example wittemId = 4 in Fig- lemma, this can be done @(slog |I]) time.

ure 8, ignoring the intervals shown. If we want to split this item To illustrate, consider our example, again with = 5. The
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e Pl outperformsPS by a factor of 2-6 using just 50% more

7
Lt em D 8”7 03 Lt em D g% =TT space, illustrating the effectiveness of our interval selection
3 1,8,0,6 5 15,45,3,3 algorithm.
; 27 37 872 ; 27 ;‘v ; ; e PI scales much better th®8, i.e., the performance gap be-
@) L (b)7 e tween the two approaches widens with increasing data sizes.
e The backend processing time, i.e., the time needed by our
interval-generation algorithm to generate optimal intervals
Figure 10. Example Benefits and Smoothing given a space budget, is acceptably low and increases only
roughly linearly with increasing size of theul pri ts ta-
ble.

smoothed values we would extract are 8, 4.5, 4.5, 4, 3.5, cor-
responding to the original values 8, 1, 8, 4, 0. Notice that the
smoothed value$.5 4 4.5 exactly equal the original valuds+ 8.
However, the last smoothed value we extracted, 3.5, corresponds ) ) )

to 0. (Were we able to take another value, in this case 3.5, thenwe Ve ran our experiments on an Intel machine with 2GB RAM.
would again see that the smoothed val@gs+ 3.5 exactly equal Ve used a real data set from Yahoo! Shopping, which has hun-

4.1 Experimental Setup

the original values)+7.) In general, at most the la&t— 1 values dreds of thousands of items for a given category (laptops) due
(which all come from the same item) will be overestimates of the {0 products listed from many different vendors. We built regu-
original values. Thus, when translating g back to the original lar main-memory indices ob searchable attributes of the laptops

ci;, the total benefit we obtain using these smoothed values is att@Ple to evaluate query predicates. The size of the relation was
least (sas — 2t + 1)/sax Of optimal. So we have the following varied from100K to 1M rows with a default value set 200K .

theorem, first proven in [16]. Each run represents the running time of 1000 queries.

THEOREM1 ([16, 17]). LetI, s, andBESTBENEFIT;(-) for 4.1.1 Rules and Queries Generation

i =1,..., || be defined as in the previous subsection. Then there e promotional rules and queries were synthetically generated
is an algorithm running in timeO(|/[¢t* + slog |I]) that finds by using the parameters in Figure 11 (the default value for each
w, ..., wyy) such that the value of parameter is shown in bold).

BESTBENEFIT (w1) + . .. + BESTBENEFIT (w1 Our rule generation tries to simulate r.eality as closely as possi-
ble and takes two parameters: the maximum number of rules per
item, and the maximum discount given by any rule. We generated
three different kinds of rules:

3.2.3 Overall Complexity (@) Ri(g,d): Buy some quantity- g, getd% off.
As we already noted, processing the query workload takes time (D) R2(g, d): Buy some quantity> g, get3d off.
at most.O(|I|. x |QW]|), although this is actually t.he sjze of the (¢) R3(q1,q2): Buy quantityq:, get quantityg. free.
log, which will usually be much smaller. The running time to find 14 generate rules, we first choose whether an item gives a discount
optimal partitions for each item takes a total@{t” x |I]) over or not. As in the real world, the probability that an item gives a
allitems. (We ignore the cost of processing Gé pri t s table, discount increases with increasing price of the item. Once an item
since itis subsumed in the processing time of the query workload.) is chosen to give a discount, we assign it a number of rules cho-
The running time for finding a nearly optimal combination of inter-  ¢an at random between 1 and the maximum number of rules per
vals across times (s log | ), agnd smoothing takeS (t* x |1|). item. Each rule is then chosen at random from among the three
Hence, the total complexity 8(¢” x |1|+-s log [T|+[I[ < |QW). types. The quantity threshold at which the rule starts to apply is
also chosen according to price, with more expensive items offering
4, Experiments discounts even for low quantities while cheap ones offering dis-
counts only for high quantities. The amount of discount given by
We considered four approaches in our experimental evalua-2 "ule was chosen based on both the price and the quantity thresh-
tion: (1) NAI VE: the naive approach of looping over all the se- ©ld: cheaper items gave less discount than expensive ones, and the
lected items, (2PRECOVPUTE: the precomputation approach de- amount of discount given was higher for higher quantities. _
scribed in the introduction, (31 (for Precompute Interval): the Query generation takes two parameters: the maximum quantity
proposed approach, and (@ (for Precompute Single): the pro- ~ P€ing queried, and the number of resuits requestedihe quan-
posed approach, but using only a single interval per item. Theselity queried was chosen uniformly at random between 1 and the
approaches were implemented using main-memory tables and innaximum quantity. Besides, the query had predicates on the lap-
dices and were evaluated using various data sets, promotional rule$PPS table that were chosen at random to ensure that our workload
and query workloads. The main finding from our experiments are consisted of queries with varying selectivities.
the following:

subject tows + w2 + ... +w)p < sis at least(sar — 2t + 1) / Sa
of optimal.

e NAI VE performs at least an order of magnitude worse in 4.2 Space Overhead of PRE UTE

terms of response time th&@h andPS. . . - -
P To investigate the space overhead, we used 1 million listings

e PRECOVPUTE requires many orders of magnitude more spacgwhich is only a small subset of all Yahoo! Shopping listings)
thanPl or PS. and 100 quantities. Using 4 bytes per score, the space overhead
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[ Parameter | Values (default in bold) |

Number of itemg [100K — 1M] - 200K | | | | Ifsl x ,,,,,,
Interval budget | [100% — 500%] - 200% of number of items 25+
Promotional rulgsNumber of rules/laptopfl — 5] - 3 é
Maximum Discount:[10% — 60%] - 50% g 2%
Queries Maximum quantity:[1 — 100] - 50 £
Results requiredk): [1 — 100] - 10 2 15t
=)
Figure 11. Experimental Parameters E N
10 —_——
ol Pl ——
0.5 : : : : :
3 8 > 3 4 5 6 1 8
f Ty x 1 Space Budget for Intervals (in 10°)
E & |
E 5t e ; ;
2oyl Figure 13. Varying Space Budget for Intervals
N
4 o L
Iy 35
0 : -
12 3 4 5 6 7 8 9 10 E 5l
Number of Items (in 10°) 2
Figure 12. Varying Data Size é )
% 15t
. =)
for PRECOVPUTE is 2.4GB (1M * 100 * 4 = 400MB for the g Ll
| nt er val s table index, and 400MB each for the 5 searchable < [

Yahoo! Shopping attribute indices corresponding to each item). 0.5
In contrast, thePl method only required 40MB of space (as
shown in the next section), including the space for the regular in-
dices. ConsequentlfPRECOMPUTE is not a feasible solution to Figure 14. Varying Number of Rules per Item
our problem, and we do not consider it further.

We now describe the impact of the parameters in Figure 11on 4 3 3 Varying Promotional Rules
the query response timgection 4.3). We also study the process-
ing time of our backend (i.e., interval generation algorithm) as a
function of the size of th€ul pri t s table (Section 4.4).

1 2 3 4 5

Average Number of Rules for Each Item

Figure 14 reports the response tima?f andPS as we vary
the maximum number of rules per itefl. performs substantially
better tharPS and as the number of rules is increased, the perfor-
. . mance gap between them increases. As more rules are added, the
4.3 Response Time Experiments probability that an item gives a high discount increases, and so
does the probability of that item being a culprit for a low-quantity
We report the performance of tiRS andPl approaches. We  query. This increase in the number of culprits slows d&@nbut
do not report the performance Bl VE as it is always an order  the effect onPl is not substantial as the culprits are avoided by
of magnitude worse thaRS andPI . using intervals.

4.3.1 Varying Data Size

1.6
Figure 12 shows the effect of varying the data set size on the 2 14l
response time. The performance gap betwegnandPl in- S 12l

creases with increasing data size because the number of culprits E ‘1 | )

increases correspondingly, aRtl is able to avoid these culprits 3 A
by an intelligent choice of intervals. g 087
g 06
4.3.2 \Varying Space Budget for Intervals S 04t
Figure 13 reports the response timeRif andPS with in- < 029

creasing space budget to store intervals. SPBeuses only one
interval per item, the performance BS remains constant with
the space budget. The response timé’bf however improves
drastically as soon as it is given some extra space budget to store Figure 15. Varying the Maximum Discount

intervals. In fact, with a space budget which is only 1.5 times the

size of the laptops relatio®l outperformsPS by a factor of 5. Figure 15 reports the response tima?f andPS as we vary
Thus, much of the performance benefiRbf can be obtained with  the maximum amount of discount offered by any rule. Here again,
very little space overhead. remains constant. The performance othe trend is similar to the previous experiment. For low discounts,
Pl , however, improves. Note that for a space budget factor of 1, the probability of an item being a culprit is small, hence the perfor-
Pl performs slightly worse thaRS because it has the overhead mance ofPl andPS is similar. However, with higher discounts,
of indexing general intervals. more culprits are generated and the performandeSfseverely

0 . . .
10% 20% 30% 40% 50%
Maximum Discount of Rules
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Figure 17. Varying Number of Results Figure 19. Backend Processing Time

worsens, but that @l only degrades slightly.

4.3.4 Varying Query Parameters In this experiment, we study the time needed by our interval-
generation algorithm (Section 3) to generate the optimal intervals

given a space budget. Our experiments show that the overall back-
end processing time increases only roughly linearly with the size
of theCul pri t s table. Even when the number of distinct quanti-
fies being queried is 50, and there are as many as 4 million culprits,
our interval generation algorithm runs in under 3 minutes. Since
the interval-generation algorithm runs in the backend, it does not
have any stringent response-time requirements. Hence this over-
head is entirely acceptable in return for the huge performance ben-
efits of PI . We also found that the backend processing time is
roughly independent of the space budget for intervals.

Figure 16 reports the response timé>& andPl as we varied
the maximum quantity being queried in the workload. We observe
that whilePl outperformsPS, the difference between their per-
formance decreases as higher quantities are queried: with a highe
quantity value in the query, more rules are likely to apply, thus re-
ducing the number of culprits. Hence the performancB®fim-
proves with increasing quantities. Note that in our workload the
quantities are chosen uniformly at random. In practice, we expect
a query distribution that is very heavily biased towards low quanti-
ties (which is similar to reducing the maximum quantity), in which
casePl performs 2 to 6 times better th&s.

Figure 17 shows the response timePf andPS as the num-
ber of results requested) is varied. With increasing;, more 5. Related work
items have to examined in order to return the togesults. Thus,
the response time of bo®5 andP| increases linearly witk. At The problem introduced in this paper bears some resemblance
the same time, the probability of an item being a culprit decreasestq top-k processing in Information Retrieval (IR) systems using
with increasingk. Thus, the response time BE (interms of its  gyery-dependent scores such as TF-IDF [20]. Just as IR systems

ratio to the response time &1 ) improves with increasing. In build an inverted list of documents for each term, where the list
the limit whenk = number of query results, we expeet and corresponding to a term is ordered by the TF score corresponding
PS to have the same performance. to that term, we could build a list of items for each parameter value,

Figure 18 shows the response timeRS andPl for queries  \yhere each list is ordered by the score of item for that parameter
of different selectivity. We grouped queries according to selectiv- yajye. While this technique works for IR systems because the in-
ity and measured the average response time in each group. As thgerted list is usually sparse (a term does not usually occur in all
number of items satisfying the query increases, the number of cul-gocyments), it can be very large in our context because each item
prits also proportionally increases and hence the.performance ofhas a score for every/most parameter values (e.g., every product
PS worsens. However, the performanceRsf remains constant  pag a price for every quantity). In fact, this approach directly cor-

with an increasing query selectivity. responds to the naive pre-computation strategy, which was shown
to be infeasible in our experimental evaluation.
4.4 Backend Processing Time The most prominent family of top-k algorithms is the one by

1054



Fagin etal [12, 13] over multimedia repositories. These algorithms Multiple-Choice Knapsack Problem by Constructing

use equi-joins to evaluate top-k answers over multiple sources and Convex Hulls. Comput. Oper. Res., 33(5), 2006.

assume monotonic score aggregation functions. In relational databaggsy. L. Bentley. Multidimensional Binary Search Trees Used
existing work has focused on extending the evaluation of SQL for Associative Searching. Commun. ACM 18(9):

queries for top-k processing when scoring is achieved through a 509-517(1975).

SQL order-by clause [4, 6, 8]. For example, Carey and Koss- [3] N. Bruno, S. Chaudhuri, L. Gravano. Top-K Selection

mann [4] study how to optimize such queries by limiting the car- Queries Over Relational Databases: Mapping Strategies and
dinality of intermediate result tuples while llyas et al [18] propose Performance Evaluation. ACM TODS, 27(2), 2002.

a score-aware relational algebra and show how a scoring function [4] M. J. Carey, D. Kossmann. On Saying "Enough Already!”
can be pushed in a query plan in order to achieve early pruning. in SQL. SIGMOD 1997.

The use of a query plan to produce scored results has a dynamic as-[5] C. Chen, Y. Ling. A Sampling-Based Estimator for Top-K
pect where scores depend on the algebraic operators. In our work, Q.uery ICDE 2002

scoring functions are black boxes and we focus on pre-computing [6] F. C. Chu, J. Y. Halpern, P. Seshadri. Least Expected Cost
indices for the efficient evaluation of selection queries. Q.ue-ry Op]tirﬁiz-ationp' An, E)l<ercise in Utility POBS 1999
Other works [3, 5, 14] use statistical information to map top- . o . ] . '
[7] Y. Diao, P. M. Fischer, M. J. Franklin, R. To. YFilter:

k queries into selection predicates which may require restarting o o
query evaluation when the number of answers is less tharhe E(f)f(l)czlent and Scalable Filtering of XML Documents. ICDE

key difference with our work is that the score of an item is not . . ) o
static and is not assumed to be monotonic. Hence, we index our [8] D- Donjerkovic, R. Ramakrishnan. Probabilistic
functions in a way that (i) optimizes finding applicable functions Optimization of Top N Queries. VLDB 1999.
per item by computing appropriate parameter value intervals and [9] K. Dudzifski, S. Walukiewicz. Exact Methods for the
(ii) identifies the items to prune by associating the lowest score to Knapsack Problem and its Generalizations. European
each interval. Journal of Operational Research, 1987.

We could model item-specific functions such as promotional [10] E. Dyer. AnO(n) Algorithm for the Multiple-Choice
rules as queries in publish/subscribe systems [7, 11] or triggers in Knapsack Linear Program. Mathematical Programming,
rule-based databases [21]. While this would address the efficient 1984.
evaluation of a large number of functions, these systems are not{11] F. Fabret, H. Jacobsen, F. Llirbat, J. Pereira, K. A. Ross,
designed to process top-k answers. To the best of our knowledge, D. Shasha. Filtering Algorithms and Implementation for
our solution is the first that could be considered as an extension to Very Fast Publish/Subscribe. SIGMOD 2001.

these systems by introducing scoring and top-k pruning. [12] R. Fagin, A. Lotem, M. Naor. Optimal Aggregation
One of the main contributions of this paper is showing that the Algorithms for Middleware. PODS 2001.
problem of computing the optimal set of intervals for a set of items [13] R. Fagin. Combining Fuzzy Information from Multiple
can be decomposed into a set of small problems for each item, Systems. PODS 1996.
which can then be solved independently and combined together[14] V. Hristidis, N. Koudas, Y. Papakonstantinou. PREFER: A
efficiently. In order to solve the interval problem for each item, we system for the Efficient Execution Of Multiparametric
use a standard dynamic programming algorithm (Section 3.2.1), Ranked Queries. SIGMOD 2001.
which has also been used in other contexts [15]. [15] Y. E. loannidis, V. Poosala. Balancing Histogram Optimality
and Practicality for Query Result Size Estimation. SIGMOD
6. Conclusion 1995.
[16] C. Lee and D. Siewiorek. An Approach for Quality of
We have introduced a new class of top-k queries over query- Service Management. Technical Report CMU-CS-98-165,
dependent functions that arise in a variety of applications ranging Computer Science Department, CMU, 1998.
from online shopping to online maps to predictive financial mod- [17] C. Lee, J. Lehoczky, R. Rajkumar, Y. P. Siewiorek. On
eling. We have developed efficient algorithms for evaluating such Quality of Service Optimization with Discrete QoS Options.
queries using function intervals, and our experimental evaluations IEEE Real Time Technology and Applications Symp., 1999.
have shown that the proposed approach is efficient both in terms[18] C. Li, K. Chen-Chuan Chang, I. F. llyas, S. Song.
of performance and in terms of space. RankSQL: Query Algebra and Optimization for Relational
There are several avenues for future work. One possible exten- Top-k Queries. SIGMOD 2005.

sion is to deal with functions over multiple parameters and items, [19] D. Pisinger. Algorithms for Knapsack Problems. Ph.D.
e.g., travel packages such as “Stay 3 nights, get a 10% discount on Thesis, 1995.

Casino tokens.” Another possible extension is incorporating sug- [20] G. Salton and M. McGill. Introduction to Modern
gestions based on function values, e.g., “Leave one hour later and Information Retrieval. McGraw-Hill, 1983.

save 30 minutes in traffic.” Both of these extensions require en- [21] J. widom, S. Ceri. Active Database Systems: Triggers and

hancing the model with crossitem queries and multi-dimensional Rules For Advanced Database Processing. Morgan
indices on functions. Kaufmann 1996

[22] E. Zemel. AnO(n) Algorithm for the Linear Multiple
7. References Choice Knapsack Problem and Related Problems.

Information Processing Letters, 1984.
[1] Md. M. Akbar, M. Sohel Rahman, M. Kaykobad,
E. G. Manning, G. C. Shoja. Solving the Multidimensional

1055





