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Abstract Ridgeline and Honda S2000) instead of showing cars from
just one or two models. Similarly, if the user searches
We study the problem of efficiently computing diverse for 2007 Honda Civic cars, we would rather show 2007
query results in online shopping applications, where users Honda Civic cars in different colors rather than simply
specify queries through a form interface that allows a showing cars of the same color. Other applications such
mix of structured and content-based selection conditions.as online auction sites and electronic stores also have
Intuitively, the goal of diverse query answering is to retur ~ similar requirements (e.g., showing diverse auctionngsi
arepresentativeet of top-k answers from all the tuples that cameras, etc.).
satisfy the user selection condition. For example, if a user  While there are several existing solutions to this prob-
is searching for Honda cars and we can only display five lem, they are either inefficient or do not work in all
results, we wish to return cars from five different Honda situations. For instance, the simplest solution is to obtai
models, as opposed to returning cars from only one or all the query results and then pick a diverse subset from
two Honda models. A key contribution of this paper is these results. However, this method does not scale to large
to formally define the notion of diversity, and to show data sets, where a query can return a large number of
that existing score based techniqgues commonly used irresults. A variant of this method is commonly used in web
web applications are not sufficient to guarantee diversity. search engines: in order to shdwesults to the user, first
Another contribution of this paper is to develop novel retrievec x k results (for some > 1) and then pick a
and efficient query processing techniques that guaranteediverse subset from these results [3], [11], [12]. Usually,
diversity. Our experimental results using Yahoo! Autos ¢ x k is much smaller than the total number of results,
data show that our proposed techniques are scalable andso it is more efficient than the previous method. However,
efficient. while this method works well in web search where there
are few duplicate or near-duplicate documents, it does not
work as well for structured listings since there are many
|. Introduction more duplicates. For instance, it is not uncommon to have
hundreds of cars of a given model in a regional dealership,
or thousands of cameras of a given model in a large online
large inventory of listings available on the WehJsers store. Thus;f would have to be of the order of 1000s or

can issue a search query through a combination of fieldeql0000s, which is clearly inefficient and furthermore, does

forms and keywords, and only the most relevant search"Ot guarr]antee d|versle resu(;ts. hod i . itiol
results are shown due to the limited “real-estate” on a Another commonly used method is to issue multiple

Web page. An important but lesser-known concern in suchdueries to obtain diverse re_sults. For instance, if_ a user
applications is the ability to return diverseset of results searches for Honda “conver.tlble”s (where “cqnvertlble” IS
which best reflects the inventory of available listings. As a keywqrd search query), this methoq would ISSue a query
an illustration, consider a Yahoo! Autos user searching for to see if there are any Honda Civic convertibles, issue
used 2007 Honda cars. If we only have space to show five"’mo_ther query to see if there are any Honda Accord con-
results, we would rather show five different Honda models VE'iPI€s, issue another query to see if there are any Honda

(e.g., Honda Civic, Honda Accord, Honda Odyssey, HondaRidgeline convertibles, and so on. While this method
= ’ ' ’ guarantees diverse results, it is inefficient for two reason

1E.g., shopping.yahoo.com, amazon.com, ebay.com it issues multiple queries, which hurts performance, and

Online shopping is increasing in popularity due to the



many of these queries may return empty results (e.g., there « Efficient one-pass (Section IlI) and probing (Sec-
are no Honda Civic, Honda Accord, or Honda Ridgeline tion 1V) algorithms for implementing diversity
convertibles). « Experimental evaluation using Yahoo! Autos data (Sec-
A final method that is sometimes used is to retrieve tion V)
only a sample of the query results (e.g., using techniques
proposed in [9]) and then pick a diverse subset from
the sample. However, this method often misses rare but
important listings that are missed in the sample. As an SUlts
illustration, there are only a few Honda S2000 cars, but
we wish to include them in the results to show the full We formally define the notion of diversity and present
range of choices. some impossibility results for providing diversity usini§-o
To address the above limitations, we initiate a formal the-shelf IR systems.
study of the diversity problem in search of methods that
are scalable, efficient and guaranteed to produce diverse reA. Data and Query Model
sults. Towards this goal, we first present a formal definition
of diversity, including both unscored and scored variants, We assume that the queried items are stored as tuples
that can be used to evaluate the correctness of variousn a relationR. A query Q on a relationR is defined as
methods. We then explore whether we can use “off-the-a conjunction or disjunction of two kinds of predicates:
shelf” technology to implement diversity efficiently and scalar predicatesf the formatt = value and keyword
correctly. Specifically, we explore whether we can use opti- predicatesof the formatt C keywords whereatt is
mized Information Retrieval (IR) engines with score-based an attribute ofR and C stands for keyword containment.
pruning to implement diversity, by viewing diversity as a Given a relationR and a queryQ, we use the notation
form of score. Unfortunately, it turns out that the answer Res(R, Q) to denote the set of tuples R that satisfyQ.
is no — we prove that no possible assignment of static or  As an illustration, consider th@ar s relation shown in
query-dependent scores to items can be used to implementigure 1(a). The querivake = ’ Honda’' would return
diversity in an off-the-shelf IR engine (although theres a  all the cars whose make is Honda. Similarly, the query
open conjecture as to whether we can implement diversityDescri pti on contains ' Low M | eage’ would
using a combination of static and query-dependent scores)return all the cars whose description contains the key-
We thus devise evaluation algorithms that implement words 'Low miles’, the queryMake = ' Honda’ and
diversityinside the database/IR engin@ur algorithms use  Descri pti on contains ’Low nmiles’ would re-
an inverted list index that contains item ids encoded usingturn all the cars that satisfy both the conditions,
Dewey identifiers [6]. The Dewey encoding captures the and the querywake = ' Honda' or Description
notion of distinct valuesrom which we need a represen- contai ns ' Low mniles’ would return cars that sat-
tative subset in the final query result. We first develop a isfy at least one of the conditions.
one-pass algorithm that produdesliverse answers with a In many online applications, it is also often useful to
single scan over the inverted lists. The key idea of our allow tuples to have scores. One natural case is in the pres-
algorithm is to explore a bounded number of answers ence of keyword search queries, e.g., using scoring tech-
within the same distinct value and use B+-trees to skip niques such as TF-IDF [10]. Another case is in the context
over similar answers. Although this algorithm is optimal of disjunctive queries such dgake = ' Honda’' and
when we are allowed only a single pass over the data, itDescri pti on contains ’'Low miles’, where a
can be improved when we are allowed to make a smalltuple may not satisfy all the predicates. Here, a weight
number of probes into the data. We present an improvedcan be assigned to each disjunct, and the score of a tuple
algorithm that is allowed to probe the set of answers within can be defined to be a monotonic combination function
the same distinct value iteratively. The algorithm uses jus of the weights of the predicates satisfied by the tuple [2].
a small number of probes — at mat. Our algorithms ~ We use the notatioscore(t, Q) to denote the score of a
are provably correct, they can support both unscored andiuple t that is produced as a result of evaluating a query
score versions of diversity, and they can also support queryQ. When the query is clear from the context, we simply
relaxation Our experiments show that they are scalable andrefer to the score of a tupleasscore(t).
efficient.
In summary, the main contributions of this paper are: B. Diversity Definition
< A formal definition of diversity and a proof that “off-

the-shelf” IR engines cannot be used to implement Consider the database shown in Figure 1(a). If the user
diversity (Section II) issues a query for all cars and we can only display three

II. Diversity Definition and Impossibility Re-



E6 | E00O E£6600 AGo0y | 1000 | &0UGEOEUO0Y

1 Honda | Civic Green |2007 |Low miles

2 Honda | Civic Blue 2007 | Low miles

3 Honda | Civic Red 2007 | Low miles EG_| £000 E0G00 Ado0g 1000__| 80U0g05u00%
2 Honda | Civic Black 2007 | Low miles 1 Honda | Civic Green |2007 |Low miles

5 | Honda | Civic Black 2006 | Low price 6 |Honda |Accord Blue 2007 | Best price

6 |Honda |Accord Blue 2007 | Best price 8 |Honda |Odyssey |Green |2007 |Rare

7 Honda | Accord Red 2006 | Good miles

8 |Honda |Odyssey | Green |2007 |Rare

9 |Honda |Odyssey | Green |2006 |Good miles 5 1 E000 E0600 Aodo 1000 | 20000060005
10 |Honda |CRV Red 2007 | Fun car 1 Honda | Civic Green |2007 |Low miles
11 |Honda |CRV Orange | 2006 | Good miles > |Honda | Civic Blue 2007 | Low miles
12 | Toyota | Prius Tan 2007 | Low miles 3 Honda | Civic Red 2007 | Low miles
13 | Toyota |Corolla | Black 2007 | Low miles ©)

14 | Toyota | Tercel Blue 2007 | Low miles

15 | Toyota |Camry Blue 2007 | Low miles

@
Fig. 1. Example Database and Query Results

results, then clearly we wish to show one Honda and measure between pairs of items, denoted (8, y), with
two Toyotas (or vice-versa). Similarly, if the user issues the goal of finding a result s&& whose items are least
a queryMake = 'Honda’', we wish to show different  similar to each other (and hence most diverse); i.e., we
models of Hondas, e.g., the top relation in Figure 1(b) is wish to find a result set that minimiz@x’yes SIM(X,Y).
more diverse than the bottom relation because it shows With an eye toward our ultimate goal, let us take a
three different models of Hondas. However, if the user very simple similarity function: 81(x,y) = 1 if x and
query is Description contains ’Low miles’, y agree on the highest priority attribute, aBtherwise.
then the bottom relation is a good result because onlyl|t is not hard to see that by using this similarity measure,
Honda Civics satisfy the keyword search condition and minimizing the all-pairs sum of similarities in our running
this relation shows different colors of Honda Civics. example guarantees that we have equal numbers of Hondas
The key take-away from the above examples is thatand Toyotas (within one), so long as there are enough
there is a priority ordering of attributes when it comes Hondas and Toyotas to display.
to defining diversity, whereby we wish to vary the values  However, as mentioned above, we wish to diversify on
of higher priority attributes before varying the values of not just the first attribute in the diversity ordering. For
lower priority attributes. In our exampleyake has a instance, if we show more than one Honda Civic in a result
higher priority thanMbdel , which has a higher priority  set, we wish to diversify their color. Thus, we define a
than Col or, which in turn has a higher priority than prefix with respect td_falbe a sequence of attribute values,
Year . Note that this ordering is domain-specific and can in order given by, moving from highest to lower priority.
be defined by a domain expert (for instan¥ear can be For example,Honda Qdyssey is a prefix for items 8
defined to have a higher priority tha®ol or , if desired). and 9 in Figure 1(a). On the other hand, neitBue

This notion is captured below. 2007 nor Toyota Green are, since all prefixes must
Definition 1: Diversity Ordering. A diversity ordering start with theMake attribute, and all attributes must follow

of a relation R with attributes A, denoted Hyg,lis a total in contiguous order.

ordering of the attributes in A. We now capture the notion of diversifying at lower

In our exampleMake [Mbdel [Color [Year L1 levels. Ifp is a prefix andS is a set, then denot§, =
Descri pti on L4l (we ignore the suffix inCzWhen {x 3 : pis aprefix ofx }. Then, ifp is a prefix of
it is clear from the context). length [1define $M,(x,y) = 1 if x,y agree on their

Given a diversity ordering, we can define a similarity (3 1)st attribute, and otherwise. Again thinking of our



example database, notice thapit Honda Ci vi c, then
minimizing Zwesp SIM,(X,y) guarantees that we will
not display twoBl ack Honda Civics before displaying
the G een,Bl ue andRed ones, so long as they all satisfy
a given query.

We are now almost ready for our main definition. Let
R (R, Q) denote the set of all subsets oERR, Q) of
size k. For convenience, we will suppress tReQ when
it is clear from context.

Definition 2: Diversity. Given a relatiorR, a diversity
ordering Lz Jand a quenQ, let R, be defined as above.
Let p be a prefix consistent with z1We say setS [
Ry is diverse with respect tp if Zwesp SIM,(X,Y) is
minimized, over all set§ [R;, such thai|T,| = |S,].

We say setS [[Ry, is adiverse result set (forl_g)if

that top-k queries can be handled efficiently. Given a
query Q, we find the lists corresponding to the attributes
values/keywords iQ, and aggregate the lists to find a

set of k top-scored results. The score of an item that
appears in multiple list is usually aggregated from the per-
list scores, and efficient algorithms such as the Threshold
Algorithm [5] assume that the aggregation function is
monotone.

Without loss of generality, we only consider systems
with value/keyword -dependent score (global scores can
be simulated by assigning the same score to an item
for every value/keyword). For any attribute/keywokd
denote its scoring function by C®REs(:). Let f be
a monotonic aggregating function, which takes a set
of scores and outputs an aggregated score. Given a
S is diverse with respect to every prefix (fdrg)l gueryQ that uses attributes/keywords, ..., Ay, we may

It can be shown that a diverse set of dizalways exists. ~ choose weightsw, ,...,w,_based onQ (and k). The

We now generalize the above definition to the case aggregated score of itern from the database is then
where tuples can have scores. Intuitively, scored diwersit (W, SCOREy, (i), ..., W, SCORE4 (i)). The topk algo-
always picks tuples with higher scores over tuples with rithm outputs thek items with the highest aggregated
lower scores (in the top-k results). However, if many tuples score. We call such systems Inverted-List Based IR Sys-
are tied for the lowest score (in the top-k results), then thetems, and we should that such systems cannot be used to
lowest score tuples are picked in a diversity preserving output anunscoreddiverse result set.
way. Note that this approach generalizes both score-based Theorem 1:There is a database such that no Inverted-
ranking and unscored diversity: if every item has a unique List Based IR System always produces an unscored diverse
score, it reduces to score-based ranking, while if everyresult set, even if we only consider non-null queries.
item has the same score, it reduces to unscored diversity. Proof: Consider the database shown in Figure 1(a),
We can also achieve greater diversity by choosing a coarseand suppose there is an Inverted-List Based IR System
scoring function (i.e., one that assigns the same score tathat produces diverse result for this data. First, consider

many tuples).

In order to formally define scored diversity, we need
one further concept. Given relatidR and queryQ, let
maxval = maxpeg, score(T), wherescore(T) is the
sum of the scores of tuples . Then defineR;*°" to be
the set of sets iR, whose total score isnaxval. Then

the top-8 results for the queryear = 2007. Since it
must be diverse, this list must include every Toyota. On
the other hand, diversity implies that exactly one of the
Honda Civics can be in that top-8 list. Liet be that Honda
Civic. Hence, the inverted list fo2007 must rank the
Toyotas andh; in its top 8. Also notice that no other

we can define scored diversity analogously to unscoredtuple in that top 8 can satisescri pti on cont ai ns

diversity by replacingR;, with R;°°"¢ in Definition 2.

C. Impossibility Results

"m | eage’ .

Likewise, we see that the inverted list forri | eage’
must also place every Toyota somewhere in its top 8, and
exactly one Honda Civic can be in those top 8 spots; call

We now show that we cannot use traditional IR scor- this Honda Civich,. Further, no other tuple in that top 8
ing to produce (unscored or scored) diverse results. Thecan satisfyYear = 2007.

intuition here is that the IR score of an item depends only

Now, consider the top-6 list produced by the query

on the item and possibly statistics from the the entire item Year = 2007 AND Descri ption contai ns
corpus, but diversity depends on the other items in the' mi | eage’ . By the monotonicity condition orf, the

query result set.

tuples forToyot a can be beaten by at mokt and h.

The class of IR systems that we consider are those basedtience, the top-6 list must contain all of these 4 Toyotas
on inverted lists: each unique attribute value/keyword and at most 2 Hondas, violating diversity, a contradiction.

contains the list of

items that contain that attribute
value/keyword. Each item in a list also has a score,

[ ]
The above result seems to indicate that traditional IR

which can either be a global score (e.g., PageRank) orsystems will have difficulty in producing diverse resultsset
a value/keyword -dependent score (e.g., TF-IDF). The even in the unscored setting. However, they do not rule
items in each list are usually ordered by their score soout the possibility completely. If we allovf to consider



both static and value/keyword -dependent scores, then forthat also appears in the merged list). Calls ustd§HT

every database, there is a set of scores and a monotoni
function ¥ such that the top-k list for every query is a

are defined similarly.
Our implementation ofnext(:) uses the same tech-

diverse result set. However, the construction produces amiques as the WAND algorithm of [1]. WAND is an
T that essentially acts as a look-up table into the databaseegfficient method for obtaining tol-lists of scored results,

clearly an inefficient and infeasible solution (it takeén?)
space, wher@ is the number of items, to just write down
this ). We leave open the question of whether there is a
“reasonable” aggregation functidnthat produces diverse
result sets.

[ll. One-pass Algorithms

We first introduce our data structures and discuss an
unscored and a scored version of our one-pass algorithm

A. Data Structures

Each tuple is uniquely identified by
of the values of its attributes. By mak
values are concatenated in the ord
diversity ordering, each tuple would r
ordering. For example, the tuple with
Car s relation in Figure 1 is uniquely |
value Honda.Civic.Blue.2007.'Low mile
distinct integer identifier to each vali
this representation becomes more cc
column of Figure 2(b) shows how th
Car s relation. This value assignment
Dewey encoding as done in XML qu
and can be represented inDeewey tree
Figure 2(a). Each leaf value is obtaine
tree top down and assigning a distinct
Since we only need to distinguish bety
tree, we can re-initialize the numbering w v ac caun icver.

B. Basic operations

We will often need to iterate over a set of inverted
lists. Conceptually, we can think of these lists are being
merged into one listpergedList, and making calls to
mergedList.next(id), which simply returns the smallest
dewey ID inmergedList that is greater than or equal to
id.

We also definemergedList.next(id,RIGHT), which
is needed tomove backwardsin mergedList (only
used in Section [V). This call returns théargest
dewey ID that is less than or equal ted. Calls
to mergedList.next(id,LEFT) behave as in the or-
dinary next. We also need to extend our results to
handle scored items. For a given scole calls to
mergedList.next(id,8) return the smallest dewey ID
greater than or equal tod that has score at lea8t(and

miles miles miles

without explicitly merging the full inverted lists. We use
it as a starting point in our algorithms.

We will also be iterating through branches of the dewey
tree. As such, we need the key operatextld. The value
nextld(id, level,LEFT) is id with its level-th entry
increased by 1 and all entries beyond thevel-th set
to 0. So, for examplenext1d(0.3.1.0.0, 2, LEFT) returns
0.4.0.0.0, even though it is not actually in the tree. For
convenience, we assume that no dewey entry is greater
than 9. Then the value afextld(id, level,RIGHT) is
id with its level-th entrydecreasedy 1 and all entries
beyond thelevel-th set to 9.

Car
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Fig. 3. Tree of nodes satisfying query Q

C. One-Pass Unscored Algorithm

The pseudocode is given in Algorithm 1. The core
idea of this algorithm is to explore buckets of distinct
values sequentially and ensure each time thanswers
are found. For example, given que€y which looks for
descriptions with* Low , we are left with the tree in
Figure 3. Assuming = 3, a balanced result would return
(at least) one car of each make from the database. This
corresponds to a Honda and a Toyota. In order to produce
that output, Algorithm 1 uses an inverted list to retrieve
all cars matching the query and scans them in the order
in which they appear (left-to-right) in Figure 3. It first
selects the first two Civics, then it determines that it only
needs to pick one from the next level, so, it picks one
Accord. Note that if there were no more cars, this set



Car E E&600
/\ 1 aBanakaBa
0 1 -
Honda Toyota 2 ananARalka
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Fig. 2. Indexing the Car s Relation b)

would constitute a diverse set. However, since there areAlgorithm 1 Unscored one-pass Algorithm
more cars that satisfy the query, the algorithm decidesDriver Routine:

that it should pick at most one entry from the next set 1: id = mergedList.next(0)

to make the previous set diverse, in which case, it chooses 2: oot = new Node(id, 0)

the first-appearing Odyssey. At this stage, the algorithm
has to decide which entry to prune from the partial result
set and prunes one of the Civics since this will make the set
diverse (one Civic, one Accord and one Odyssey). It then
decides how many entries in the next level (i.e., Toyota),
it needs to retrieve and decides to select one entry. In this

case, it picks the next Toyota it sees and it skips over all 11;
other Toyotas since none of them will make the result set ;,

diverse. Finally, it stops and returns the Toyota and two of

.
cooNoORWDN

id = mergedList.next(id)
while (root.numltems() <k && id & NULL)
root.add(id)
id = mergedList.next(id+1)
while (id & NULL)
root.add(id)
root.remove()
skipld = root.getSkipld()
id = mergedList.next(skipld)

: return  root.returnResults()

the already-selected Hondas(after pruning one of the three
Hondas). Note that if there had been another car make (say,

Chevrolet), the algorithm would decide to pick one entry
there and would finally return one Honda, one Toyota an
one Chevrolet.

The key savings in this algorithm come from knowing
when it is acceptable to skip ahead (i.e. jumping to a
new branch in the Dewey tree). In the worst case, at mos
k In¢(3k) calls tonext are made to compute a tdpiist

algorithm, it was easy to determine the smallest ID that

¢ would not be removed on the next callitemove(). In the

scored case, we must add any item whose score is strictly
greater than the curremiinScore (i.e. the smallest score

in our result set). However, we can find the smallest ID
ithat would immediately be removed, given that its score is
no greater thaminScore. Hence, we replace line 11 of

with a Dewey tree of dept. WhenmergedList is large, "€ unscored one-pass algorithm with the line

this can be a significant saving over the naive algorithm. id = mergedList.next(id+1, skipld, root.ninScore)

D. One-pass Scored Algorithm The semantics of the above line is to return the
smallest id greater than or equal tad+l such
The main difference with the unscored algorithm lies that either (1) score(id) >root.minScore, or (2)

is what parts of the tree we can skip over. In the former score(id)=root.minScore, and the return id is greater



than skipld. With the above exception, the algorithm Algorithm 3 Data Structure for Unscored Probing
proceeds as before. Initializer: (new Node(nid, lev, dir))

1: Initialize id = nid, level = lev andchildren to empty.
2: if (isLeaf(level)) then mark asDONE

3: else

edge[dir] = nextld(id, level+1,dir)

5: nextDir = toggle(dir)

6: edge[nextDir] = nextld(id, level+1, nextDir)

7 children.add(newNode(id, level+1,dir))

IV. Probing Algorithms

A. Unscored Probing Algorithm

A

The main idea of the probing algorithm is to traverse
the available levels many times by picking one item at a
time gnt|l K answers are .fo‘und. Agaln, conS|dgr query - probeld: (getProbeld())
Q which looks for cars with' Low in the description .

hown in Figure 3). Assuming = 3, the algorithm would L1 (edge[LEFT] = edge[RIGHT]) then
(.S . g_ ’ .. ! 9 2: return (edge[nextDir], nextDir)
fII‘St p|Ck the fII‘St Honda C|V|C, then tHaSt Toyota. (We 3: Wh||e (there are Chi|dren that are not marMmNE)
use a hidirectional probing algorithm, which searches both 4 minChild = child with the minimum number of items,
left and right through the tree.) It then looks for a car ignoring children that are marke2DNE;
make “between” Honda and Toyota. (See Figure 3.) Since 5: return minChild.getProbeld() if it is not NULL

. . . . mark asDONE
there are not any, it continues to pick the next car which return NULL
guarantees diversity, in this case, the first Toyota Prids. A
this stage, the algorithm is done.
We first walk through several steps of the probing

N

Adding a result: (add(id,dir))

algorithm in the unscored case. The main routine (Algo- L if (marked aDONE) then return o
ithm 2) simply makes repeated calls getProbeld() 2: _chlld_— child in chll_dren co[resp_ondlng tad
rith ply €s rep , , 3: if (child & NULL) child.add(id, dir)

which returns potential IDs to add. The driver then calls 4. elsechildren.add(new Node(id, level+1, dir))
next on the mergedList, and adds the result to our  5: if (edge[LEFT] < edge[RIGHT]) )
diversity data structure (given in Algorithm 3.) It repeats 6:  edge[dir] = nextld(id, level+1, dir)

this until we have a toglist, or there are no more results. 7 nextDir = toggle(dir)

Algorithm 2 Driver for Unscored Probing Algorithm

1: id = mergedList.next(0, LEFT)

root = new Node(id, O, LEFT)

(probelD, dir) = root.getProbeld()

while (root.numltems() <k && probeld & NULL)
id = mergedList.next(probeld,dir)
root.add(id, dir)
(probelD, dir) = root.getProbeld()

return root.getltems()

an entry greater than 9. Then we sebt.edge[RIGHT] =
9.9.9.9.9, we setdge[RIGHT] = 0.9.9.9.9 for its child, we
setedge[RIGHT]=0.0.9.9.9 for its grandchild, and so on.
Think of theseedge values as left and right boundaries,
where all unexplored branches of a node lie between the
values. In fact, we have the following invariant:

e Whenever id [nbde, either id belongs to
some child of node in our data structure, or
node.edge[LEFT]<id< node.edge[RIGHT].

O NOaR®W®N

For convenience, we will say that an IbDd belongs tca

node,node, written id [ndde, if the node corresponding
to id lies in the subtree rooted atode. For example,
1.2.0.0.0 belongs to the node labeled “Toyota” in Figure 3.
In its initialization step, the algorithm first calls
id = mergedList.next(0, LEFT). This simply returns the
first id =0 (moving from left to right) that appears in
mergedList. In our case,id is 0.0.0.0.0. We initialize
root = new Node(id, 0,LEFT). and pick 5 nodes, one

for each level of the Dewey tree. Each of these nodesthe smallest IDs possible (unless the value has already been

also initializesedge[LEFT]. For instance, thaoot node
initializes edge[LEFT] = 1.0.0.0.0, while its child initial-
izes edge[LEFT] = 0.1.0.0.0. Each node also initializes
edge[RIGHT] to some large Dewey ID, which is conceptu-
ally the largest possible ID belonging to that node (line 6
of the initializer). Suppose we know that no Dewey ID has

Next, the call to root.getProbeld() will return
(9.9.9.9.9, RIGHT) (line 3 of the driver). Hence, the call to
mergedList. next(9.9.9.9.9,RIGHT) returns the largest
1d <9.9.9.9.9 (moving from right to left) that appears
in mergedList. In our example,id is 1.3.0.0.0. When
this result is added to the potential answers, the values
edge[RIGHT] are set to the largest IDs possibly belonging
to each node, while the values edge[LEFT] are set to be

set). So,root.edge[RIGHT] = 0.9.9.9.9, while its right
child (labeled “Toyota”) setedge[RIGHT] = 1.2.9.9.9 and
edge[LEFT] = 1.0.0.0.0.

For the third probe (and the second call
getProbeld(), line 7 of Algorithm 2), we return
(1.0.0.0.0,LEFT). Hence, id is subsequently set to

to



1.0.0.0.0. When we add this resultpot.edge[LEFT] is set
t0 2.0.0.0.0. For the first time, we haveoot.edge[LEFT]
> root.edge[RIGHT], indicating that every child ofoot

guaranteed among items whose scoré.ighe difficulty
comes from not knowing the exact value tbf

has at least one result added to it. Notice that we havealgorithm 4 Driver for Scored Probing
added two results to the node labeled “Toyota,” and only pyiver Routine:

one to the node labeled “Honda.” However, it is not hard

to see that such an imbalance cannot be greater than ones:

item, since the next iteration will necessarily add to the
child with the fewest results.

On our next call to root.getProbeld() does
not simply return edge[-], since root.edge[LEFT] >
root.edge[RIGHT]. (We think of this agroot being in the
second phase of exploration.) Instead, it satsChild to
be the child with the fewest results (in this case, the child
labeled “Honda”) and callgetProbeld() on minChild
(line 5 of getProbeld()). Notice thatminChild will
explore from theRIGHT (since the last real result added
to it came from theLEFT). The next result added to the
data structure will thus b8.2.1.0.0.

The advantages of bidirectional exploration.At this
point, we begin to see the advantages of callimext
moving in both directions, rather than just left to right.

Notice that in the full Dewey tree of possible answers, the

node “Honda” has just a single child. In our calls using
LEFT and RIGHT, we found this automatically. However,
an algorithm using only calls teext(-, LEFT) would need

to check whether “Honda” had additional children, wasting
a call tonext. In extreme cases, (say, if “Civic” had only

1: Run WAND to obtain a topk list, List.

Let 8 be the lowest score in that list.

3: Let maxid be the item inList with the highest score.
4: root = new Node(maxid, O, MIDDLE)

5. Foreach item [List such thatscore(item) > 6:

6: root.add(item, MIDDLE)

7: (probelD, dir) = root.getProbelD()

8: while ( root.numltems() < k && probelD & NULL )
9: currlD = mergedList.next(probelD, dir, 6)

10: root.add(currlD, dir)

11 (probelD, dir) = root.getProbelD()

12: return root.returnResults()

It is the initial insertions that make the algorithm
more complicated. As we can see on line 6, each of the
items inserted initially is marketl IDDLE, indicating that
it does not give any information abowdge[LEFT] or
edge[RIGHT]. In the unscored case, we knew that every
id we obtained was a useful result to add (unless it had
already been added).

However, in the scored case, we may potentially obtain
an id that is not useful, in the following way. Many items
with scores higher thaf have been added already, in a
non-regular fashion. Thus, when we first encounter an item
with score exactly, adding it may make our result set less

one child), such an algorithm would waste even more calls 4 erse: unfortunately, since we do not know how many

to next.

On the other hand, we guarantee that callsdgt al-
ways result in arid that “stays in the final subtree.” A little
more formally, we maintain the following invariant:

e Let node be some node in our data structure, and
suppose during the execution of the algorithm, we call
node.getProbeld(), returning probeld,dir). Then
we havemergedList.next(probeld, dir) Cnbde.

Unlike the one-pass algorithm, every time a callnext
is made, it results in amd that is part of our diverse set,

items have scoré, we cannot know immediately whether
adding a given item helps or hurts diversity. Thus, many
items we encounter are first cached asrdativelD. (If the
item known to be useful, it is added normally.) When the
algorithm later callgyetProbeld(), it checks whether any
cached IDs would be helpful; since we know more about
the distribution of items with scoré, we slowly move
tentative items into the ‘useful pile.” If an item is helpful

it is returned (along with directioMIDDLE, indicating that
the call tonext(probeld, MIDDLE) should simply return

unless it has already been added to the structure. It is neveprobeld with no additional work).

necessary to remove a result we have added. In fact, we

It is possible to show that the number of tentative items

have the following stronger result, whose proof appears inis never more thazk’, wherek’ is the number of items

the full paper.
Theorem 2:The unscored probing algorithm given in
Algorithms 2, 3 makes at mogk calls tonext.

B. Scored Probing Algorithm

The first stage of the algorithm (pseudocode in Algo-
rithm 4) is to call WAND (or any scoring algorithm) to
obtain an initial topK list. Let 8 be the score of the lowest-
scoring item in the topc list returned. Diversity is only

with score strictly greater thaf. In fact, Theorem 2
applies even to the scored algorithm, guaranteeing that
we make at mosPk calls to next (ignoring calls with
MIDDLE).

The asymptotic running time of this algorithm is not
impacted by maintaining these tentative values. However,
in order to find the child with the fewest results (cor-
responding to line 4 ofyetProbeld() in the unscored
version), we must maintain a heap. Hence, the worst-case
running time for each operation 3(d Ig k).



[ Paraneter [ Values (default in bold) ]

Number of cafs[10K — 100K] - 50K . | | ,',"UBaSiC:: ——
Queries Number of predicate1 — 5] - None 1r --UO%E%%«fff':':’f;y,/’
Predicate selectivity0 — 1] - 0.5 12 A7 "UNaive! e
Number of resultsK): [1 —100] - 10 S 10} "UMUItQ™ e ]
Fig. 4. Experimental Parameters e 87
E 6 .
. 4¢
V. Experiments 5l ’
We compared the performance of five algorithms in 020 40 60 80 100 120
the unscored and the scored casdsltQ is based on Number of ltems
rewriting the input query to multiple queries and merging
their result to produce a diverse séfaive evaluates a Fig. 5. Varying Data Size (Unscored)
query and returns all its results. We do not include the
time this algorithm takes to choose a diverse set of kize 16 —
from its result.Basic returns thek first answers it finds ul agple ]
without guaranteeing diversitdnePass performs a single =TT yOnePass” e
scan over the inverted lists (Section I11). FinalRrobe is 2 e ljJ,\’fal';’e e
the probing version (Section 1V). We prefix each algorithm g 0% e ]
with a "U” for the unscored case. and with an ”S” for their T-ET 87
scored counterparts. Scoring is achieved with additional E 67
keyword predicates in the query. 4t
Recall that all of our diversity algorithms amxact 2L e .
Hence, all results they return are maximally diverse. 0 = R ‘
10 20 30 40 50 60 70 80 90 100
A. Experimental Setup k
We ran our experiments on an Intel machine with 2GB Fig. 6. Varying k (Unscored)

RAM. We used a real dataset containing car listings from

Yahoo! Autos. The size of the original cars relation was

varied from 100K to 1M rows with a default value set Figure 7 shows the response time of our unscored algo-
to 100K. Queries were synthetically generated by using rithms for different query selectivities. We grouped gasri
the parameters in Figure 4 (the default value for each according to selectivity and measured the average response
parameter is shown in bold). Query predicates are on cartime in each groupUOnePass and UProbe remain stable
attributes and are picked at random. We report the totalwith increasing selectivity whil&/Naive is very sensitive
time for running a workload of 5000 different queries. to the selectivity since it retrieves all query results.

In our implementation, the cars listings were stored in a Varying Query Parameters (scored): Figure 8 shows
main-memory table. We built an index generation module the response time of the scored algorithms as the number
which generates an in-memory Dewey tree which storesof results requested is varied. With increasikg more

the Dewey of each tuple in the base table. Index generationlistings have to be examined to return tkebest ones.

is done offline and is very fast (less than 5 minutes for Thus, the response time of bofi®nePass and SProbe
100K listings). increases linearly wittk but as observed in the unscored
Varying Data Size: Figure 5 reports the response time of case, the naive approach is outperformed. We note that
UNaive, UBasic, UOnePass andUProbe. UOnePass and varying query selectivity and data size is similar to the
UProbe have similar performance and are insensitive to unscored case.

increasing number of listings. Experiments Summary: The naive approachesiultQ,
Varying Query Parameters: Figure 6 reports the response UNaive, SNaive are orders of magnitude slower than
time of our unscored algorithms. Once agdifnePass the other approaches. The most important finding is that
andUProbe have similar performance. The main two ob- returning diverse results using probing algorithms doés no
servations here are: (i) all our algorithms outperforms the incur any overhead (in the unscored case) and incurs very
naive case which evaluates the full query and (ii) diversity little overhead (in the scored case). Specifically, UProbe
incurs negligible overhead (over non-diveliasic) even matches the performance of UBasic and SProbe comes
for large values of k. very close to the performance of SBasic.
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VI. Related Work

The notion of diversity has been considered in many
different contexts. Web search engines often enforce di-
versity over (unstructured) data results as a post-prowess
step [3], [11], [12]. Chen and Li [4] propose a notion of
diversity over structured results which are post-procdsse

scoring and top-k processing, we have a hierarchical notion
of diversity, e.g., we first want diversity dvake, then on
Model . In contrast, Index Striding is more “flat” in that

it will simply consider (Vake, Mbdel ) as a composite
key, and list all possible (make, model) pairs, instead of
showing only a few cars for each make.

VIl. Conclusion

We formalized diversity in structured search and pro-
posed inverted-list algorithms. Our experiments showed
that the algorithms are scalable and efficient. In partic-
ular, diversity can be implemented with little additional
overhead when compared to traditional approaches.

A natural extension to our definition of diversity is
producing weighted results by assigning weights to dif-
ferent attribute values. For instance, we may assign higher
weights to Hondas and Toyotas when compared to Teslas,
so that the diverse results have more Hondas and Toyotas.
Another extension is exploring an alternative definition
of diversity that provides a more symmetric treatment
of diversity and score thereby ensuring diversity across
different scores.
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