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Abstract— We consider a novel problem of topk query pro- decisions may in turn result in sub-optimal utilization bgt
cessing under budge; constraints. We prov_ide both a frame_w_ork limited budget. As an example, let us assume akajery
and a set of algorithms fo address this problem. EXisting g,pmitted over a collection of images looking for the best

algorithms for top- k£ processing are budget-oblivious, i.e., they do biect bini tadat di Usi ted
not take budget constraints into account when making scheduling OPJECtS combining metadata and Image scores. Using sorte

decisions, but focus on the performance to compute the final tep accesses only, the system may need to scan large portions
k results. Under budget constraints, these algorithms therefore of the lists to find the tog: objects that satisfy the query,
often return results that are a lot worse than the results that ca  and breach the budget constraints. On the other hand, random

be achieved with a clever, budget-aware scheduling algorithm. 5ccesses can be quite expensive and should therefore, de use
This paper introduces novel algorithms for budget-aware topk '

processing that produce results that have a significantly higher careful_ly. . . .
quality than those of state-of-the-art budget-oblivious solutios. We identify top-k queries under budget constraints to be
useful for the following emerging applications:
|. INTRODUCTION « Mobile applications Mobile applications have highly

impatient users, while queries become more and more
complex. Consider a user who expects to pass a shopping
Top-k queries are broadly used in many application areas mall in a few seconds and wants to know if there are any
ranging from queries combining text, metadata, and mul- coffee shops near that mall. Once she passes the mall, the
timedia; queries that merge streams from sensor readings results are no longer useful. In this case, the availability
data; queries combining network statistics; and many more. of the user near the mall constraints the time on which
Consequentially , the top-problem has been widely studied.  the system can answer the user query. To be capable to
The most famous algorithm proposed for efficient computing  satisfy the user’s query on time, the system may return
of top-k results is the TA (Threshold) algorithm proposed by  approximate results rather than the exact results which
Fagin et al. [9]. Finding therue top-k result can sometimes computation may bypass the time limit.
be quite resource-intensive and time-consuming. The main, Real-time analyticslP-traffic logs in network monitoring
factor in measuring top-performance is the cost for accessing  or click-stream logs in search and web-business generate
the lists from the different sources. It is usually assumed huge volumes of data. Their analysis may be driven by
that the objects on each source are sorted according to some trial-and-error. Thus, for example, an analyst that wishes
local score and that it is possible to access the sourcesreith o analyze the data and take decisions accordingly, may
sequentially (sorted access) or by random access. Furtheym  require fast approximate answers. The queries would
sorted access and random access can vary in cost. For e),(ample typ|ca||y be generated by some Visua|-ana|ytic5 tools.
for disk-managed lists the cost for random access is much Many such queries could be triggered in a short time
more expensive than sorted access. As another example, in a and the user would expect all of them to be answered in
distributed setting, accessing the lists may require alycost  an interactive manner - so that the visualization refreshes
network communication, serving as the main cost factor. jn a second or two.
Therefore, in such setting, sorted access and random access tne rest of this paper we address the problem kop-

costs may be quite similar. To minimize such costs, approXjyery processing under budget constraints and provide both

mate results may be returned instead of the exackt®sults. 5 framework and a set of algorithms to address this problem.
In this work we consider a novel problem of tépguery

processing under budget constraints. In the presence of-a IB- Problem Statement and Contributions
ited budget for topk query processing, a solution is required to The above scenarios emphasize the need for new and
carefully decide on the schedule of data-access tasks.dgnwefficient top4 query processing methods when working with a

A. Motivation



limited budget, in terms of time or access costs. Existingkwoon the other hand, tries to maximize the precision given a
on top+ processing has focused on achieving exact resultskardgetary limitation.

at least approximate results with a certain quality withimil A second line of proposals aims at improving the perfor-
costs. In contrast, this paper focuses on the dual problemance of topk query processing by returning approximate
instead of trying to minimize the processing costs to readhstead of exact top-results. Probably the first such algorithm
a target result quality, we provide a best-effort tomuery was proposed by Theobald et al. [17], which also provided
processing given a fixed limit for the execution cost. Sugbrobabilistic guarantees for the quality of the resultsisTh
a budget can be easily defined in terms of time, number wbrk was empirically shown to consume less budget than
disk accesses, or number of network messages, reflectingeaact topk algorithms, but it did not provide upper bounds
essential limitation faced by contemporary application& for the processing costs. Aray et al. [3] provide anytimetop
show that prior knowledge of the total available budget cajuery measures for answering tbpueries with probabilistic
be used to achieve a better tbpprecision than a budget- guarantees. Their algorithm collects statistics duringcess-
oblivious top# algorithm that does not have such knowledgimg, which can be used to provide probabilistic guarantees

in advance. at any time during processing. For the threshold algorithm
This work makes the following contributions: (TA), [3] achieves quite similar guarantees as the proksiiail
« We present a novel framework for approximate fop-top-% method of [17]. Our work differs from [3] in several
query processing under budgetary constraints. important aspects. First, our computational model is céffié
« We develop a set of budget-aware algorithms that u3&@e method from [3] does not have any prior knowledge on
only sorted accesses. its stopping point; thus, it needs to prepare for being stdpp
« We present an adaptive budget-aware algorithm for intdlamediately at any time. However, in our setting, we know
leaving sorted and random accesses. the deadline and our main focus is to optimize the result

« We provide efficient algorithms to calculate the exadiuality given that deadline (and only for this deadline, not
solution of the offline problem and use it to show théor any possible stopping time). Second, [3] uses the TA
high quality of our algorithms. algorithm as is and only adds efficient methods to collect

« We conduct extensive experiments using real-world dagaough statistics for estimating the results approximatio
from TREC and IMDB to evaluate and verify our algowhere no additional effort is invested to improve the althoni
rithms. execution or minimize the costs. In our work, we propose a set

The rest of this paper is organized as follows. Section @f new algorithms for scheduling sorted and random accesses

discusses related work. Section Il formally defines theopro Guntzer et al. [13] developed heuristic strategies for
lem. In Section IV we provide algorithmic solutions wherécheduling sorted accesses over multiple lists. These are
only sorted accesses are allowed. In Section V, we study @f&edy heuristics based on estimates of scores, which ¢end t
case where random accesses are also permitted. SectiorP¢fer index lists with a sharp gradient. The goal in our wierk
provides efficient algorithms to compute the optimal resulflifferent, leading to different strategies. Al-Hamdanaét[1]

that can be achieved within a given budget. In Section VIgonsidered topic-selection queries on top of meta-datairTh
we experiment with real data sets and show the effectivené$gput is a list ofk answers such that each answer is above

of the proposed methods. Finally, we discuss future work afdPre-defined threshold. Their approach tries to maximize
conclude in Section VIILI. the number of highest importance-scored output tuples and

maximize the size of the query output.
Il. RELATED WORK The work in [4] shares some similarity with our work. The
Efficiently processing tog- queries has been a very activeauthors show how to perform tdpgueries for mobile devices,

research area recently. llyas et al. [14] give a comprekiensby using a cost-adaptive algorithm (SR) that optimizes abje
survey of the work in the area. The majority of the proposestcesses and query run time. Their assumptions, howeeer, ar
algorithms is based on the family of threshold algorithmdifferent, since they report on the exaktbest results and
(TA) [9], [12], [16], extending and improving it in various allow immediate output of objects to the user.
respects [5], [6], [7], [8], [15]. These algorithms aim at
computing the exact top-results with minimum cost under
different settings and assumptions. More specifically, Wipe In this section, we present our model, provide the required
per [6], MPro [7], and Pick [15] algorithms suggest randonbackground and the terminology that is used throughout the
access scheduling for cases where sorted accesses asgl linmiaiper, and then formally define our problem.
or impossible. Marian et al. [15] further show how to conside )
different access costs, both random and sorted. Bast ef]al. - Data Model and Notation
suggest a solution that minimizes the cost given that all theWe assume a collection af objects, each with at mosh
index lists support both sorted and random accesses and #taibutes such that each attribute is managed by a sounce. F
different lists share the same cost. All these studies &allgn example, attributes might be textual terms, metadata,r,colo
address thelual problemof our problem: they minimize the texture, etc. Given a query that specifies conditions on a&tmo
cost needed to provide the exact tbpresults. Our work, m attributes, it is possible to get from each source a list of

I1l. M ODEL AND PROBLEM DEFINITION



objects sorted by their relevance to the appropriate odierigueue is empty and no yet unseen object can move into the

attribute. For the remainder of this paper, the tesmsrceand top-k answers, i.e.y high; < mink.

list are used interchangeably. Therefore, we assume a set of Instances of algorithms within this framework differ in the

lists Ly, Lo, ..., L,,, one per attribute. Each ligt; consists operations they are allowed to use, in the scheduling oédort

of pairs of object id and its relevance sca@d, s;(oid)), accesses, and in the scheduling of random accesses. The TA

and is sorted in a non-increasing orderspfoid). We assume algorithm initially proposed by Fagin et al. [9], for exarapl

that object scores on each list are normalized such that theses round-robin scheduling for the sorted accesses. As soo

are in the range of0,1], where a score ofl implies the as an object is seen for the first time on any list, TA performs

highest relevancy andis the lowest. Given a query and someéandom accesses to the remaining lists in which the object

monotonic aggregation function defined over the set scofess not been seen yet to evaluate the complete score of that

of the query attributes, we want to retrieve the foprost object. As TA always completely evaluates the score of an

relevant objects. For ease of presentation, we will comsidebject, score bounds are always exact, so there is no need to

only summation as the aggregation function in the rest af thinaintain an explicit candidate set in the algorithm. NRA is

paper. a version of TA with sorted accesses only, and CA performs

a balanced number of sorted and random accesses [10]. The

more recent KBA algorithm uses a knapsack-based scheduling
A list can be accessed witsequential (also known as for sorted accesses [5].

sorted or randomaccesses. In a sorted access, the next objeciThe execution tracgor trace for short) for a query of an

in descending order of score is retrieved from the assatiatggorithm within this framework consists of the sequence of

list. A random access retrieves the score of a given objesteps performed by the algorithm, where each step can be

from the list. We assume that the cost of accessing viae#ther a sorted access or a random access to a list. Following

sorted access ig’;, while for a random access the cosearlier literature, we assume that random accesses ocbtur on

is C,. Such costs can be defined in terms of timeeg( to objects that have been seen by at least one sorted access

response time) or disk access (I/0). In a typical centrdlizdefore (called “no wild guesses” in [10]). We assign to each

application with very long lists that are kept on disk, step its corresponding cosf( or C,). The cost of the whole

is often orders of magnitudes larger thaly [5]. This fact trace is then the sum of the cost of each step. The leftgth

may be different in distributed applications where rouipdtr of a tracet is the number of operations it contains, and the

times dominate the access cost, but even there sorted ascessultsR; of a trace are the top-results after the steps of the

are usually cheaper because they can be executed in batctiase have been executed.

amortizing the roundtrip time over many accesses. For eas&@he scope of this paper areudget-keepingalgorithms,

of presentation, we assume that the costs are independenitedf algorithms that produce only traces whose cost is not

the list; all algorithms presented later can be easily amthptabove a given budgeB. Any top-+% algorithm can be made

if the costs differ between lists. Additionally, we assurhatt budget-keeping by stopping its execution as soon as thegbudg

the costs are normalized such thiat = 1. would be exceeded. However, these algorithms are at the same
We consider algorithms within the framework of Thresholtime budget-oblivious as they do not take the budget into

algorithms [9], [12], [16]. Here, an algorithm performs aaccount when scheduling their operations. In contrastpewr

mixture of sorted and random accesses to the lists. At aalgorithms arebudget-awarei.e., they consider the available

time during the execution of such an algorithm, some objedisadget when making scheduling decisions.

may have been only partially seen in a subset of lists, SOA small budget is usually not enough to compute the

there is some uncertainty about the final score of the objeekact topk results of a query. Budget-keeping algorithms

The algorithm therefore keeps, for each seen objedivo are therefore inherently approximate in nature. Our prymar

values to bound its final score: worst scom®rstScore(o) measure for the quality of results which such a budget-kegpi

and best scorbestScore(o)Here,worstScore(o)s computed algorithm produces is the overlap of the g&of results of the

as the sum of the seen scores@mfassuming a score of Oalgorithm with the setR.,..; of results of an unconstrained

for the remaining dimensions, and serves as a lower boutagh-% algorithm for the same query, measured as relative

for o's final score.bestScore(q)is computed as the sum ofprecision“%“lanf”m.

worstScore(o)and thehigh; values of lists where has not o

yet been seerhigh; is the value at the current scan positiorfr- Problem Definition

of list 4. bestScore(ojs therefore an upper bound feois final Problem 1 (Best-effort tog-query processing)Given a

score. Objects are then kept in two sets: khebjects with the query ¢ and a budge3, we would like to find an execution

currently highest worst scores form the current fogaswers, trace that (1) has cost at moBt, and (2) where the relative

and the remaining objects reside in the candidate set. \Wecision of the result is maximal among all other trace$ wit

assign tomink the smallest worst score of any item in theost at mostB.

current topk answers, and any candidatecan be pruned as  This problem setting is fundamentally different from the

soon ashestScore(c) < mink, because it cannot move intotraditional, unconstrained, setup for the TA-family metho

the final topk answers. The algorithm can safely stop if théf we merely ran TA (or NRA or CA) and stopped it when

B. Algorithmic Framework



the budget expired, the results might be significantly iofeto 1 L L2

o s:0.95 a:1.00
those of a budget-aware method. This is because the standard 2 | u'0.93 b:0.90
TA might pursue a strategy in which the clear picture about 3| t0.92 c:0.85
the final top-k results only emerges towards the very end of 4 1 d:0.90 d:0.80
the algorithm, often long after the budget is exhausted. For 5| x0.50| | €0.70
example, one of the best scheduling methods for TA-style ? )2/38'38 ;:8'28
algorithms is to postpone random access as much as possible. o o
In similar fashion, the rationale for scheduling sequéntia 8 : :
accesses changes, too; traditional TA methods know thgt the Fig. 1. Prefixes of two lists

run their computation to natural completion anyway and can
thus afford to be "patient”, whereas our setting requirest th
we perform the "most insightful” accesses before we run o0t5. Correspondingly, a budget of 28 is required until TA has
of budget. put d into its top-k list, and hence reached a precision of 1.
For analogous reasons, the budget-constrained probleen -IWRA, which does only sorted accesses in a round-robin order,
best possible approximation of result quality after a camist needs 8 steps to movkinto its top-k list, yielding a precision
number of steps - is alsnot simply a dual problem of the of 0.5, and 12 steps to additionally moveo the top-k for a
classical problem with approximation - shortest number @frecision of 1. Note that the unlimited version of NRA would
steps for a given approximation ratio of the result qualit§][ require another 2 scans to eliminate all candidates before i
[17]. Methods for approximate top-k querying do not carrgan stop.
over to our setting. It is evident from this example that budget-aware algorghm
Finally, although there is a latent connection to the angtintan be better than budget-oblivious ones. This is beacuse
top-k problem addressed in [3], the problems again areyfaibf two factors: clever scheduling of sorted accesses in a
different. Anytime algorithms aim to produce a good approxhon-round-robin manner, and clever scheduling of random
mation for any possible point of termination, which may frcaccesses.
them to be overly greedy. In our setting, we know when
the budget will be exhausted, so we can carefully schedule
requests with adequate foresight but limited patience. We now consider the case where a budget-aware algorithm
In the remainder of this paper, we describe the budgét-allowed to generate traces that contain only sorted aeses
aware algorithms we developed with traces that are closeTibe algorithm needs to decide in each step which list it ac-
the optimal traces. We start with algorithms that perforrtyoncesses next, given the current tbwandidateshigh; bounds,
sorted accesses (Section 1V), followed by algorithms thet a and possible statistics of the lists in general. We intredwmn

IV. SORTEDACCESS

consider random accesses (Section V). different objectives for heuristically selecting a list tbe next
sorted access.
D. An Example The first important observation is that an algorithm that

Figure 1 illustrates an example with objects from two listprefers accessing lists with high scores has a better chance
aggregated using summation, requesting the top-2 results.find objects that belong to the final tép+esults, and
Assume that each sorted access has a€gst 1, and each hence obtain a higher precision. Intuitively, an objecthwit
random access has a cost(¢gf = 3. The exact result i$d, ¢}, high scores on the lists where that object has already been
but depending on the budget, a budget-keeping algoritteeen has a higher chance to be part of theitopsults than
cannot always compute this result. For example, if the budgen object with “mediocre” scores. Moreover, given the ledit
is below 7, no budget-keeping algorithm can retdrin the budget, an object with mediocre scores that is indeed part of
top-2 results. There is simply not enough budget to réadthe top results would have a low chance to be accessed
with sorted accesses on both lists. Whkis seen on one list, anyway, since it requires many sorted accesses, possibily mo
a budget of at least 4 should have been spent, so there istlman the budget. Thus, our first objective should berefer
enough budget to do a random accessgl ton the other list. high scores
The score ofi is therefore always below the scores of at least After some accesses, as the scores on the lists decrease, we
two other objects. On the other hand, we need a budgetroight reach a saturation-like state in which the scores en th
at least 6 to returrt (three sorted steps ifi;, followed by lists are not high, but not low either, so they cannot help to
a random access tbin L,). An optimal trace has cost 10, differentiate between the candidates. At this point, wendeéi
which includes 4 sorted steps iy and two random accessessecond objective thairefers large score reduction3he idea
in L. is that large score reduction means that we can get into an

The budget-oblivious algorithms TA and NRA need a highéarea” of low scores very quickly. Thus we can stop scanning
budget to get a result with a similar quality. TA hasn its those lists since low scores can not increase:k nor can
top-k set after five sorted accesses (thred.ip two to L,) they introduce new candidates to the topesults.
and five random accesses @pu, andt in Lo, and toa and We use a motivating example to illustrate the rational bethin
b in L,), requiring a budget of at least 20 for a precision ahis approach. Consider the example depicted in Figure 2.



score

] scheme, where the weights can be adjusted during the runtime
which allows us to adaptively change the importance of each
objective according to the feedback from current candidate
: objects in the candidates queue.

score 2 Foblects We associate two utility functions with each ligt, cor-
~— responding to the two objectives mentioned above. The first
— one is anaverage score utility functiomtil,s(L;,z), which
T captures the first objective (maximizing seen objects’ agpr

b) #objects Given a budget of: sorted accesses on ligf;, the function
returns the average expected score ofitheext objects to be
“\ seen onL;. Note that the scores of objects at positions that

score

were not reached yet can be only approximated using expected
— scores. Expected scores are computed using histograme of th
20 40 60 100 120 200  #objects score distributions in the list, similarly to [17]. The asge
score utility function of performing a batch of sorted
Fig. 2. Three lists with different score distributions accesses to a lidt; is given by

Assume that we have a budget®f= 180, i.e., we are allowed utilas(Li,x) = —- Z score;(j). @)
to perform up to 180 sorted accesses. Also assume we are
given three lists denoted by (a), (b), and (c) in Figure 2hean the formula,z is the budgetpos; is the current position on
with a score distribution as depicted in Figure 2. Specifycal list L, andscore; () is the expected score of the object located
list (a) starts with many high-score items, followed by arphaat position; on list L,. Note that sincescore;(j) € [0, 1] for
decrease in their scores (after 100 objects). List (b) has dévery j, we haveutil,s(L;, z) € [0, 1].

scores constantly decreasing. Finally, list (c) has a fem#  The second function is acore-reduction utility function
with high scores followed by a sharp decrease with many lowtil,,.(L;, z), which captures the second objective (maximiz-
score items. The dashed line represents a uniform allotating score reduction). Given a budgetmoforted accesses to be
of 60 sorted accesses for each list; this would be the rekalt qperformed on listZ; and the current positiopos; on list L,
round-robin scheduling of sorted accesses. The bold lioesh the function returns the score reduction between the last se
a non-uniform allocation of sorted accesses for each list. Lobject at positionpos; and the (expected) score at position
(a) has 120 sorted accesses, list (b) has 20 accesses,tdof ligos; + =. The score reduction utility for list; is given by:

has the remaining 40 sorted accesses. If we perform less than

120 accesses for list (a), then we will miss the sharp deereas utilsr(Li, x) = high; — score;(pos; + z). (2)
¥vh|ch helps us to prune more unseen and p.art|aIIy seen equ% e thatutil,, (L:, z) also takes values ifo, 1].

rom the set of candidates. However, there is no need to speng;v

more than 120 sorted accesses on list (a), since the addel val € now coml_alne the two utility fun_cthns usinga smoothl_ng
. : . %arameteu, which controls the relative importance we assign
of these objects will not be large. For list (c), we only spen

40 sorted accesses. Again, after the sharp drop, we mai}w yeach objective:

encounter low-score items that probably neither help mach iy1i1(1, 2) = o - utily(Li, z) + (1 — ) - utily(L;, ). (3)
adding elements to the tdp+results nor in increasingink
Therefore, it would be better to allocate more sorted aesess The adaptive scheme works in batches sorted accesses

for list (b) and obtain some more high-score objects. at a time. After each batch, we adaptively adjust the weights

To summarize, we aim to develop a solution that consideng assign to each objective using the feedback of the set of
both objectives: the candidate objects that were seen on the different lists.

« Maximize seen object scores Therefore, the total number of times we adjust the weights

« Maximize score reductions during runtime is| £ |.

Thus we have a bi-objective optimization problem. In the TO allocate a batch ob sorted accesses to the different
remainder of this section, we provide two approximate solfjsts at some iteratiot = 1,2,..., [ ] of our scheme, we
tions to this problem. need to find a set of scan depths for the lists in order to

maximizes the total gained utility. Formally we solve the
A. Adaptive scheme for bi-objective optimization following optimization problem:

Our first solution to the bi-objective optimization problésn ~ Problem 2 (Budgeted Sorted Access Scheduling (BSAS)):
based on a conventional optimization technique that coesbirfGiven a batch size ofb sorted accesses, find an
both objectives into a single weighted objective. This imtu allocation b1, ...,b, with > b, = b that maximizes
allows us to control the relative importance we assign tdead ., util(L;, b;).
of the original objectives. We develop an adaptive weightin Theorem 1:The BSAS problem is NP-Hard.



This theorem can be proven by reducing the 0-1 knapsack 09
problem to BSAS; the proof can be found in Appendix A. In ol
the following sections we first show how can be adapted Py ol
during runtime, and then propose two heuristic scheduling 04
policies that provide approximate solutions to the BSAS oa ]
problem. 1

B. Adaptive Calculation ofv R :,mtbjzof w0 om0
According to the two objectives, we identify two major
phases during runtime. The first phase is gla¢hering phase

where we aim at finding good candidates for the final results.
This phase starts at the beginning of the processing and faggE(c) the subset of the listé,, Lo L in which ¢ has

out once we have seen most (or aII)_ potf_entially good resuits. 5, ady been seen, and B$c) the subset of the lists in which
this phase we prefer candidates with high scores. The :seconﬁaS not been seen yet. For each missing liste £(c)

. i . ) C
phase is theeduction phasewhere we aim at reducing the €4 random variables; represents the score of any remaining
object in that list.

Fig. 3. pg vs. spent budget for TREC querly,= 100

of candidates by reducing their best scores belowrthek
threshold, Wh'c.h can be done by reducing m@hl values. Thus, the probabilityp;(¢) of a candidate object to get
Therefore, at this phase, we prefer to read from lists wheze § P .
. : . nto the topk is given by:

score reduces quickly. There is no sharp transition betwrezn
two phases; instead, the gathering phase slowly evolves int
the reduction phase. pe(e) =P | > S >0(c)|S; < high, (5)

To implement this behavior, we adjust the smoothing pa- iCB(c)
rametera in the gathering phase. We give a higher weight to. )
utilys in the gathering phase and tdil, in the reduction With d(c) = mink — worstScore(c). In our model we use
phase. We set to 1 when we have not yet seéndifferent h|s§ograms to capture the'dlstrlbutlons of the differesiisli To .
objects (because any new object will immediately move firveri(c) from these histograms, we use methods similar
the topk results), and to the average probabilify of the t© those introduced in [17].
candidate objects in the candidate set to get into the tbp- ¢ Fair Heuristic

therwise, wher . . . .
othenwise, where A first, greedy approximate solution to Problem 2 is the

b= 1 Z pi(c) 4) Fair heuristic. Given a batch size @f SAs, this heuristic
|cand. set| fairly allocates SAs for each list; according to the relative
estimated utility of that list compared to the other lists,
S : . assuming that we could spend the whole budget on each list.
an object in the candidate set to get into the &oibased on Therefore, for each list; we calculate the estimated value of

statistics on the distribution of scores in the lists. til(L;,b). We then divide the total budget fairly between the

At the beginning of the execution, the chance of the Can(ﬁi lists according to their relative utilities, so the numbér o

dates to get into the top-s relatively high, sy is relatively SAs for each listL; (denotedSA; ) is:
high, too. As the execution progresggsdecreases. ! Lad >

Figure 3 presents an example of the different valueg,of util(L;,b)
for a given candidate set with respect to the spent budget SAL, =bx m
at every step during our scheme runtime. At the beginnirg; . o =
we still need to gather more candidatesso more weight D- Ranking Heuristic
(o) is given to the first objective (i.e., maximizing the seen We now present theRanki ng heuristic that does not
objects’ scores). As we proceed, the number of candidaites consider absolute score values, but relative ranks of tdhjec
the candidates queue increases gpdlecreases as thieggh; In addition, whereas the Fair heuristic does not consider th
bounds drop, and therefore, we assign more weight4¢) to budget, theRanki ng heuristic considers the overall budget
the second objective (i.e., large score reductions). Famgke, B when creating the ranked lists.
in Figure 3, after we perform 1500 SAs, we assign a weight The Ranki ng-based approach is given in Algorithm 1 and
of @ = 0.1 to the first objective and a weight af— o = 0.9  Algorithm 2. The first algorithm, Algorithm 1, generates two
to the second objective. ranked lists, given the total budgBt Objects in thescorelist

We now describe how we estimate the probabjityc) of a S are ranked by their estimated score, while in de#alist D
given object in the candidates queue. Given thierstScore(c) the same objects are ranked by their estimated delta from the
of ¢, the currenminkand the currenkigh; bounds of the lists, object following them in the original lists; ties are broken
the probability that will qualify for the top+ can be estimated listid. We denote the rank in the score Iistof an objectd by
using the assumed distribution of the remaining unseerescoranks(d) and the rank in the delta ligd by rankp(d). Note
in the different lists where has not been seen yet. We denotthat since we don't actually read the input lists at this time

cEcand. set

We will show later how to estimate the probability.(c) of

(6)



Algorithm 1 Generate Rank lists
score rank delta rank | - {L 7 i7 } b
List L1 List L2 1 d3.L2.0.55 1 Input: Lo bmy, b
1 {d1.L1.099) (03.62.0.59) 2: Qut put : 2 sorted ranked listsS,D
d1:0.99 d4:0.9 2 [d2,L1,0.98} 2| {d9,L1,0.5} it oAl .
d2: 0.98 d6: 0.8 3:Initialization:
d5: 0.7 d10:075 | 3 f{d4.L2,0.9) 3] {05.L1.0.28) 4: for all lists L; do
d9: 0.2 d3: 0.2 4 {d6,L2,0.8} 4| {d4,L1,0.1} 5: =1
5 {d10,L.2,0.75} 5| {d6,L2,0.1} 6: while!l <bdo
6 [{d5,L1,0.7} 6] {d10,L2,0.05} 7: generate{oid,L;,score;(pos; + 1) };
7 [d3,0.2,0.2} 7| {d1,L1,0.01} 8: generatg oid,L;,score;(pos;+1 — 1) —score;(pos; +
8 (d9,L1,0.2} 8| {d2,L1,0.01 l)};
\/ o add {oid,L;,score;(pos; + 1)} to list S;
10: add{oid,L;,score;(pos; +1 — 1) — score;(pos; +1)}
to list D;
Fig. 4. listsL; and L2, and their corresponding ranked scores and ranke?l. ] — (l + 1).
delta lists : _ )
12:  end while
13: end for
ly estimate th ing th distributibes; -+ SOt 5
can only estimate the scores using the score daistrioutioes; 15 sort D

object IDs are just arbitrary IDs used to link the objectshia t
two generated ranked lists and do not reflect real object IDs— .
For each of them input lists Ly, Lo, ..., L,,, the algorithm Algorithm 2 Create Allocation

estimates scores for all the not yet seen objects until depth | NPUt: ranks, rankp, B,

B. For each such object it creates a triplet that consists of QUtPUt: acci, number of accesses for each list
the objects id, the list id, and the object’s estimated scor 2 While [ < B do

{oid,Lid,scord and inserts it into the score list, and another3 ~ for all lists L; do

triplet with its estimated delt4oid,Lid,delta that is inserted % let d;:= object with highestanks(d;) from list L;

into the delta list. Thus, in each of the two ranked lists, we> ~ €nd for

have a total ofB x m triplets. 6: i =argmin; : {axranks(d;)+ (1 —a)*xrankp(d;)}
Figure 4 illustrates an example with two lists and the’" ?(C_Clgl_ (i§?i+1)’

corresponding ranked score and delta lists. The creation %. end while—f ’

the ranked score list is trivial and is performed using the™

estimated score of each object. The creation of the ranked

delta list is performed by calculating the difference betwe . . . L

any two consecutive objects. For example, the ranked scgﬁ-{i Ly and d4 fr[(%m :_l.St L”2' g\g_aln, thde best optlor;l 'Sf to do

list has8 objects ordered by the score value. The first rank%‘teLmO;E dsctljpfrlor;. Iislpi y:';m d_cﬁo%nsev'gs ggrggzrsfe rc;nmlist

object isdl from list L; with a score 0f0.99, followed by I Tlh final allocafi 2 il b sk pd 1

d2 from list L; with a score 0f0.98. In the third place, the ~2* € final a _ocatlon will be2 accesses on lisLy an

object isd4 from list Ly, with a score 0f0.9. The first object on list L. Algorithm 2 formally describes this approach.

in the ranked delta list ig3 from list Ly with delta of0.55 V. RANDOM ACCESS

from the precedence obje¢t0 (0.75—0.2). The score rank of  panqom accesses are often beneficial in unconstrained top-

objectdl from list L, is ranks(dl) =1 and its delta rank is  4ig0rithms to reduce the overall execution cost or runfime

rankp(dl) = 7. The score and delta ranks for objefdtfrom  gjnce they help to detect missing scores of promising can-

list L, areranks(d4) = 3 andrankp(d4) = 4 respectively. gigates that otherwise would require heavy scanning of the
We now explain how we generate the allocation given thgts [10]. In budget-aware algorithms, they can have alaimi

ranked lists. Generally speaking, given that we have bedgiet positive effect on result quality, at least if the budget ighh

we perform the allocation step by step. The main idea ghough to perform a reasonable amount of them (as we will

the allocation algorithm is that on each step, we consider thurther demonstrate in Section VII). This section introesi@

"best” objects from each list, combining the ranking of th@euristic scheduling strategy for random access that rssig

object’s delta and score, and choosing the best. similarly to the LAST strategy introduced in [5], a certain
For example, let us assume that= 3, o« = 0.9, and the budget at the end of the execution to random accesses.

lists are as they appear in Figure 4. Doing one step in listWe assume for ease of presentation that we can perform

L, will result in choosingdl with score and delta ranks af random access on any lidt;, Lo, ..., L, (if that was not

and 7, respectively (combined 1.6). Doing one step in list possible for some lists, we would simply ignore those lists

will result in choosing objectl4 with a ranking of3 and4 when scheduling random accesses), where each random access

(combined 3.1). Thus, we chose to doaccess inL;. Now has a cost of”,.. We advocate an execution with two phases.

the remaining budget i#2 = 2 and we considered2 from In the first phase, we perform only sorted accesses to gather



“enough” good candidates for the results, using any of thewith the maximum expected score and perform a random
strategies introduced in Section IV. In the second phase, &ecess on the missing ligt; where Sl(c) is maximal. Then
perform only random accesses to promising objects in tkeore bounds of, the top-k list and the set of candidates are
candidate set to identify the final results. We now explain mpdated accordingly, and the algorithm continues selgdtia
detail how to determine the right point to switch from thetfirsnext candidate object for random access, until the budget ha
to the second phase, and how to select “promising” objedisen exhausted.

for random access.
V1. EFFICIENTLY SOLVING THE OFFLINE OPTIMIZATION

A. Switching from SA to RA PROBLEM

Inspired by the LAST algorithm [5], we seek to adaptively This section presents efficient algorithms to solve therwffli
balance the number of RAs and SAs with respect to the cagirsion of Problem 1, i.e., given a quegyits resultsR.,qc:
ratios. The LAST algorithm spends approximately the samgth unlimited budget and a budg&, find a trace with cost at
budget on SA and RA, switching from SA to RA when theénostB whose precision is optimal among all other such traces.
expected cost for future random accesses does not excegslwill use the precision of this trace later in the experiteen
the aggregated cost for sorted accesses done so far. Ag 8ompare the results of our algorithms with the best ptessib
non-approximating algorithm, LAST can perform the SA-RArecision. We first present in Subsection VI-A a solution for
switch only if it is guaranteed that all potential results/éa sorted-access traces and then extend it to traces withdsorte
been encountered by random access, i.e., Wheh, high; < and random accesses.
mink; This corresponds to the time when the gathering phase ] .

(see Section IV-A) finishes. However, in the presence ofA Optimal Solution for Sorted-Access Traces

limited budget, this condition will typically not be true foee Formally, we consider for a query with lists L4, ..., L,

we run out of budget, and we will even more rarely reach thibe set of possible sorted-access tra@gsi.e., traces that
point when LAST would switch from SA to RA. We thereforecontain only sorted accesses io,...,L,,. For ease of
propose an adaptive budget for random accesses, capturiotation we writel; for the number of sorted accessedtoin
the tradeoff between gathering enough good candidates withcet € T'. We assume that we know the top-k reshlf,..;
sorted accesses and keeping enough budget for the randdrthe query with unlimited budget. Given a budget constrain
accesses. Remember that at the end of the gathering phdseye now aim to find any € T with |¢| < B that maximizes
we would be willing to spend as much cost for RA as we dicklative result precision, i.e.,

for SA before, and that introduced in Section IV-A quantifies

how much of the gathering phase we have already finished. argmaz,crajy<p | Rt N Revact|
Our heuristics now assigns more budget to random access if B | 1|
we have proceeded further into the gathering phase. Formall \where R, denotes the result (top-k) of traceWe call that

1y traceopt and its resultR, ;.

R=(1-0a)-5 0 It is prohibitively expensive to try all possible tracest iu
where S is the total sorted-access cost so far. Note that, agseenough to consider only a (relatively) small subset ofrthe
consequence of this definition, we will not spend any budgRecall that we know the sdt.....; of results of the unbounded
to random accesses unless we have seen at kedsterent top-k process. For a lisk;, we consider the sé®; of positions
objects (because: = 1 then). We switch from the sorted-in L; where objects froniz....; occur. The following lemma
access to the random-access phase as soon as the total sahemlvs that it is enough to consider tragewhere, for each
access cosb so far plus the budgeR assigned for random list L;, t; € B;:
accesses exceeds the available overall budgetSkeR > B. Lemma 2:Given a budgetB, there is at least one sorted-
access trace with |¢| < B, % maximal among all
sorted-access traces within the budget, and P; for all i.

After switching from sorted to random accesses, the algo-  pyoof: Assume that suchdoes not exist. Then pick any
rithm has a list of candidates that were partially seen in theyce s among the traces within the budget that have optimal
SA phase but could not make it into the top-k since thejgjative precision, and consider tragewheres! is set to the
worstScoras less thammink We are left with a random-accesgargest position fromP; less or equal ta;. The score of any
budget to perform at mosti/C, | random accesses, and Weypject in R, . is the same after the execution efand s’
need to select the most promising candidates upon whomg@ the two traces differ only in operations on documents not
perform those accesses. This is done as follows: for ea@ltobjn r_ . by construction. NOWRezae: N Ry C Repaer N Ry
¢ in the candidate set, we calculate its expected score because the score of any object after the executiosi &f at

expScore(c) = worstScore(c) + Z (S’l(c)) most gqual to .the same quect’s score after the gxgcuti@n of
(as s’ is a prefix ofs), so if an object fromR,,..; is in R,
it must be inR,, as well. But then the relative precision gf
where §;(c) is the expected score efin an unseen list.;, is at least the relative precision sf which is a contradiction.
calculated using the histograms. We then choose the object ]

B. Scheduling Random Accesses

l€E(c)



Our algorithm to find the optimal sorted-access trace themgovie, we built a structured document with the attributés, ti
fore considers all traces wheret; € P;, for all <. This genre, actors, and description, and indexed the documeimt wi
reasonably reduces the computational effort and makes larcené, resulting in one list for each (attribute,value)-pair.
exact solution of this problem feasible at least for smailga We used 20 queries from [5] as the benchmark. A query has
of k£ (up to 100) andn (up to 10). four attributes:{Title, Genre, Actors, Descriptign A typical
B. Including Random Accesses query is Title="War” AND Genre="SciFi” AND Actors="Tom

] Cruise” AND Description="alien, earth, destroy”.
The algorithm for sorted-access traces can be extended tgne TREC Terabyte collection consists of more than 25

consider traces with sorted and random accesses. We mfﬂfﬁ%on Web pages from the .gov domain with a total size of

two important observations about random access in optimg{qt 426 gigabytes. We used 50 such queries and indexed the
traces: (1) random accesses occur always after sorteds@scegata in Lucene index using F - IDF scoring as described

have been finished, and (2) random access are only useful{q2] resulting in a list of (document,score)- pairs forcha
ODJECtS INReace- TO S€€ (1), consider a trace with optimajerm occurring in the collection. We chose 50 queries among
relative precision that first makes some sorted accesses, t{he keyword queries provided with the collection (like “num

some random accesses, and then again some sorted accegsesyt supreme court justices”), where the average length of
The result of this schedule is identical to the result of adra e queries was three keywords.

that firs'_[ does all sorted accesses and then the random @8CeSSThe synthetic data was generated using a Zipfian distributio
Regarding (2), assume that a random access was done Q4R controlled variations in the number of lists (2 to 6),

objectd not in Regac- If this access (and other accesses {Q mper of objects (100000-1000000) and the parameters of
d) do not retrieve enough score to moweo the result, this Zipfian distribution (exponent and rank).

access has no effect to the relative precision. Otherwise, 14 ovaluate the results, we compare the result quality

may replace a result fromte,q. in the set of results, actually 4cpieved by the different algorithms with the optimal quyali
reducing relative recall. In both cases, relative recafl 6aly 1,4t can be achieved by any budget-keeping algorithm, com-

get worse, not better, so this random access did not pay offy,teq with the methods presented in Section VI. We used the
Our extended algorithms now consider all sorted—acceﬁﬁ.lowing two measures:

tracest (wheret; € P;) and for each trace, as many centage of ootimal precision Thi casures ho
additional random accesses as allowed by the remaining per 9 pt precision This measures now

. close the relative precision of the results achieved by an
budget, ."e"LCT (B - Cs - [t]) ] random accesses. (Note that 0 ithm is to the optimal relative precision:
performing fewer random accesses will never lead to a better

relative precision). We now start with the sB} of results precisionalg

after the execution of and refine it subsequently with random
accesses. At any point during the execution of the algotithm , score mass error (SME) This reflects that even though

we denote withmink the lowest score of any object iR;. the results of an algorithm may have little overlap with
We maintain a priority queu@ of (object,list) pairs: For each the exact results, they may still be equally good from an

Precisionpt

seen object! in the tracet that is in R.,..; and not inR;, we
compute the maximal scorst(d) d can get with a single
RA,; if this RA is to list L;, we add the paind, L;) with
priority best(d) —mink to Q. We remove the first paifg, L;)

application point of view (such as different, but relevant

text documents). Assuming that good documents have
high aggregated scores, the deviation of the accumulated
scores of the results from the accumulated scores of

from @, perform an RA tog in list L, and updateQ). We
repeat this process until the budget is exhausted.

Note that this computation exploits the fact that we know
the objects fromR..... and hence can schedule targeted

the exact results indicates the “goodness” of the results.
Again we compare the score mass difference yielded by
an algorithm with the score mass difference of the optimal

solution:
RAs only for those results missing from the currdtyt Any 5 score (i) — scoreay (i)
real algorithm does not have this knowledge, so real r&ativ SME = &i=l.k cract alg (8)

precisions are usually much lower than the bound computed 2im1..k 5COTCezact (i) — scoreop (i)

by this algorithm. Here, scoreq.qct(i) denotes the aggregated score of the

VIl. EXPERIMENTS ith result in the exact resultscore,,; (i) in the optimal

. . . solution, ands ;) in the result of an algorithm.
In this section, we present experimental results that demon cor€aty (i) . 9
strate the top-k query processing under budget constraies We report macro-averages over the precision and SME values

use three data collections: data extracted from IMDie for all queries of the data set. We implemented the algosthm

TREC Terabyte collectidh and a synthetic collection. in Java 1.5 and ran the experiments on a machine with two
The IMDB data has m,ore than 375.000 movies and mok¥@al Intel Core 2.40GHz processors with 4MB cache each,

than 1,200,000 persons (actors, directors, etc.). For edtth©verall memory of 2GB, and a Linux Ubuntu operating
system. In the following section we present our results and
http://www.imdb.com/

2http://www-nlpir.nist.gov/projects/terabyte/ Shttp://lucene.apache.org/



provide analytical explanations for the different behavad the same results. Figure 6 shows the average percentage of

the algorithms. the optimal precision fok = 20 of the different algorithms,

varying the budget from00 to 1000. The results are similar

to the results on the TREC collection: again, the Ranking
In this section we evaluate the different approaches fgeyristic outperforms the rest, achieving an average of 65%

Sorted Accesses (SAs) using the different data sets. \Wethe optimal precision. Especially for very low budgets

compare the result of NRA [9], the Fair heuristic (Section Mbetween 200 and 500) Ranking is up to twice as good as

C), the Ranking heuristic (Section IV-D), and KBA [5] whichNRA or KBA.

is currently the state of the art top-k algorithm for sorted&ss  Taple Il shows the corresponding average score mass differ-

only. . ~_ences on IMDB fork=20 of the different approaches. Again,
Figure 5 shows the percentage of the optimal precisigghnking is very close to the optimal solution.

for top-100 queries on the TREC dataset, varying the budget

from 500 to 5000. It is evident that the Ranking and the Fair

A. Sorted Access Allocation

90%

heuristics clearly outperform the NRA and KBA; in addition, s0% | |ONRA
the Ranking heuristic consistently achieves better reshhn 70% | |MKBA
the Fair heuristics.For instance, when the budget is 2000 0% | @ Fair

W Ranking

the Ranking heuristic achieves 77% of the optimal precjsion

whereas Fair, KBA and NRA reach levels of 71%, 66% and

64%, respectively. On average, the Ranking achieves 78% c

the optimal precision (which was 32% for a budget of 500 and

75% for a budget of 5000). & 20% -
Table | shows the score mass errors for the different

approaches in the same experiment, averaged over theediffer

budgets. It is evident that our new Fair and Ranking heuassti Fig. 6. IMDB: percentage of optimal precision for varying et , k=20

produce results that are a lot closer to the optimal restits.

results of Ranking are only 5% worse than the optimal results

50% +
40% +
30% 4

ercentage of Optimal Precision

100 200 300 400 500 600 700 800 900 1000
Budget (#SA)

and will therefore probably satisfy the user as well. Algorithm | score mass erro
NRA 1.406
90% KBA 1.822
Fair 1.266
0% 1 ONRA Ranking 1.065
| KBA TABLE I
0 Fair
70% A B Ranking IMDB: AVERAGE SCORE MASS ERRORk=20

60%

percentage of Optimal Precision

Figures 7(a) and 7(b) vary thé value for budgets of
500 1000 2000 3000 4000 5000 400 and 800, respectively. We can see that the algorithms
Budget (#SA) behave similarly for larger values of, even though the
‘ _ N ~ difference is less for largek; All algorithms identify good
Ehgdgi'ts TREC: average percentage of optimal precisierl00, varying  regylt candidates, but Ranking is best at finding the very bes
results under low budget.
Finally, to check the effect of a different number of liste w

o
S
ES

Algorithm | score mass erro used the synthetic Zipfian distribution and varied the numbe
NRA 1.31 of lists from 2 to 6, with 100, 000 objects in each list. We set
I;aBif ﬁg the budget to be000 and compared the different approaches.

Ranking 1.05 Figure 8 summarizes the results. For the case &éts, all

TABLE | approaches achieved 100% of the optimal precision. When

the number of lists increases, the Ranking heuristic works
very well and achieves improvements of arou2@), over

We turn now to the experiments on the IMDB collectionNRA. However, the gap between the Ranking heuristic and
While the average length of the result lists for TREC is moithe optimal precision increases for large number of listds T
than 1 million items, the IMDB result lists are very diffeten can be explained by the fact that for a small humber of lists
They usually consist of a mixture of long list200,000 (2, 3), there is less opportunity of scheduling different SAs so
items), short and very short (order of hundreds items).listse can get close to the optimum. For a large number of lists
For this reason, we limit the budget to be at mo&t0 since (5, 6), the algorithm has less chance to get enough knowledge
usually after this number of accesses, the short lists a@ady on worst scores of candidates, thus uncertainty increases a
completely accessed and all the different algorithms aehieprecision decreases.

TREC: AVERAGE SCORE MASS ERROKSME) , k=100



:g :Zj budget runs out. Consequently, the Adaptive Switch reached
§ a higher percentage of the optimal precision than the SA-
3 70% 1 ONRA only Ranking heuristics. The budget-oblivious CA and LAST

g 60% wkBA algorithms perform much worse than our budget-aware algo-
2 50% 1 ”::;king rithms, and worse still than a standard NRA would (as shown
2% in the previous section). The Adaptive Switch achieves on
g 30% 1 average 64% of the optimal precision. Recall, however, that
g 20% - this optimal precision was achieved by an ideal algorithat th

20 50 100 .
schedules only random accesses to relevant results; thus, i

becomes very challenging for any algorithm to reach such
precision levels. The results with the average score mases er
(Table 1ll) support the conjecture that random accesses are
beneficial if they are relatively cheap.

90%

80%

s
0
g
o .
T 700 ONRA We now increase thé’,. to be 100, so random accesses are
- EKBA now much more expensive and we can usually afford only
S 60% | f:r:king a few of them. Figure 9(b) shows that in this case, random
) 50% | accesses usually have a negative effect on result qualdy an
§ should be avoided. A similar conclusion can be drawn from
g 40% A the average score mass error shown in Table IV.

20 50 100

k 75%

(b)

Fig. 7. IMDB: percentage of optimal precision for varyikg(a) Budget =
400 (b) Budget = 800

70%

65%

O SA (Ranking)

60% - oCA

55% 1 mLAST

m Adaptive_Expected

100%

50% A
ONRA

= KBA
o Fair

45%

percentage of Optimal Precision

80% + 40% -
500 1000 2000 3000 4000 5000

Budget

m Ranking

60% + (2

80% T

percentage of Optimal Precision

70% -

40% +- -
O SA (Ranking)

OCA
B LAST
W Adaptive_Expected

60% -

Number of Lists

50% -

Fig. 8. Zipfian: percentage of optimal precision for varyingnber of lists,
budget=4000 k=100

percentage of Optimal Precision

40% -1
500 1000 2000 3000 4000 5000

Budget

B. Switch to Random Access (b)

In this section we evaluate the Adaptive Switch algorithag 9. TREC: percentage of optimal precision for varying gets, k=100
(denoted adaptive expected) under different budgets asebac (a) ¢, = 10 (b) C = 100

costs and compare it with the LAST algorithm [5], the CA
algorithm [10], and the SA-only Ranking heuristic that does

not perform any random accesses. Similarly to the expetsnen Algorithm score mass erro

with sorted access only, we present percentages of the alptim Rag’fj"g i:gggg
precision and score mass errors. The experiments were dor LAST 1.7524

on the TREC and IMDB data sets. However, due to space Adaptive Expected 1.1788
limitations, we will report only the TREC results. The IMDB TABLE Il

results were consistent with the TREC result. TREC: AVERAGE SCORE MASS ERROR k=100,C,»=10

Figures 9(a) and 9(b) show the percentage of the optimal
precision for the TREC data set under different budgets
varying from 500 to 5000 for C, = 10 and C, = 100,
respectively. The first case shown in Figure 9(a) represents
a situation where random accesses are cheap and therefoithe work presented here is the first attempt to deal with
useful because we can perform quite a few of them before tha-style top-k query processing under budget constraiftie.

VIII. CONCLUSIONS



Algorithm score mass erro

Ranking 1.2633

CA 1.5231

LAST 1.6222

Adaptive_Ezxpected 1.2794
TABLE IV (A).

TREC:AVERAGE SCORE MASS ERROR k£=100,C,-=100

[1]

problem is very different in nature from the regular top—k[z]
problem. We presented a family of algorithms for sorted asce
only that achieve a precision between 65% and 77% of that @3]
an optimal algorithm. We showed that random accesses coullﬂ
be beneficial if they are relatively cheap. However, wheiir the
cost increases, sorted-only algorithms are preferableuré&u
work can include the adaptation and extension of the modél!
into a “time-aware” top-k query processing and considering
different access costs for the different lists. [6]
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APPENDIX 3]

A. NP-hardness proof [14]

We reduce the 0-1 knapsack problem, which is known
as an NP-Hard problem [11], to BSAS. We setto be 0.
Thus, we only consider the score reduction part. The O]
knapsack decision problem is defined as follows; Given
items X; (i = 1...m), each with weightw; and utility wu;,
and a weight capacity’, find a subsetS such that the total
utility is maximized and the capacity constraj; g w; < [17]
is satisfied. Given an instance of knapsack, we construct
the following instance of we construct an instance of BSAS
problem as follows. We conside lists where theth list has
at its firstw; — 1 positions a constant score of 1 and thus score
decrease 0, at positian; a score decrease (i.e., a resulting
score 1u;, and subsequently the same constant score), i.e.,
no further score decrease. We claim that (A) a packing for
this instance of knapsack has capacity”' and utility > U if
and only if (B) the corresponding BSAS instance has a scan of
total depthC' and score decrease pfU. Proof of (A} = (B)

: Given (A), we have, ..., i such thatw;, +...+w; < C
andu;, + ... +wu;, > U. Then scanning lists,,...,i; to
depthsw;, + ...+ w;,, respectively, yields a total scan depth
< C (and we can get exactlg’ by scanning a few more
positions without further score decrease in any of the)lists
and a total score decreasewf + ...+ u;, > U. Proof of
(B)=(A) : Given (B), letiy,...,i; be the lists where a non-
zero score decrease has been achieved.iLibas then been

16

The choice of itemgq, ..

scanned at least to depth;, , and therefore the total scan
depthC' is at leastw;, + ...+ w;,. The total score reduction
of these lists is exactly,;, + ...+ u;,, which by (B) is> U.

., i yields a packing that satisfies
O
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