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目的

•データ木 T から問合せ木 Q に近い部分木を検索

•編集距離でランキングし top-k を見つけたい

既存手法と問題点

•動的計画法でT全体とQの距離を求めれば全部分木の距離も求まる

• T 全体と計算するのは無駄．特に T全体がメモリに入らない

提案手法

•既知の上位解から「サイズτ以上の部分木は見なくてよい」という
τ を求める

•大きさが「ぎりぎり τ 以下」の部分木を効率よく見つける

•それらに対して通常の手法で編集距離を求める
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大きさが「ぎりぎり τ 以下」の部分木を効率よく見つける

•各ノードの(ラベル, 部分木サイズ)の対を postorder に並べる

1. 容量τのリングバッファに読み込んでいく

2. 最初のノードが葉ならバッファ中の祖先で一番大きいものを出力
(まだバッファ外にある，より上位の祖先は必ずサイズが τ 以上)

最初のノードが葉でないなら捨てる

3. バッファが空いた分を埋める

•上の step 2 のために，バッファ中の葉ノードとその最上位祖先と
の関係を表すデータ構造をメンテナンス
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defined as cand(T, τ) = {Ti | ti ∈ V (T ), |Ti| ≤ τ, ∀ta ∈
anc(ti) : |Ta| > τ}. Each element of the candidate set is a

candidate subtree.

Example 3: The candidate set of the example document

D in Figure 4a for threshold τ = 6 is cand(D, 6) =
{D5, D7, D12, D17, D21}.

d22,

D

dblp

d5,article

d2,auth

d1,John

d4,title

d3,X1

d18,proceedings

d7,conf

d6,VLDB

d12,article

d9,auth

d8,Peter

d11,title

d10,X3

d17,article

d14,auth

d13,Mike

d16,title

d15,X4

d21,book

d20,title

d19,X2

(a) Example Document D

post(D) = ((John, 1), (auth, 2), (X1, 1), (title, 2), (article, 5),
(VLDB, 1), (conf, 2), (Peter, 1), (auth, 2), (X3, 1),
(title, 2), (article, 5), (Mike, 1), (auth, 2), (X4, 1),
(title, 2), (article, 5), (proceedings, 13), (X2, 1),
(title, 2), (book, 3), (dblp, 22))

(b) Postorder Queue of D

Fig. 4. Example Document and Corresponding Postorder Queue.

We stress that the candidate set is not the set of all subtrees

smaller than threshold τ , but a subset. If a subtree is contained

in a different subtree that is also smaller than τ , then it is not

in the candidate set. In the dynamic programming approach

the distances for all subtrees of a candidate subtree Ti are

computed as a side-effect of computing the distance for the

candidate subtree Ti. Thus subtrees of a candidate subtree need

no separate computation.

A. Memory Buffer

We now discuss how to compute the candidate set given

a size threshold τ for documents represented as a postorder

queues. Nodes that are dequeued from the postorder queue

are appended to a memory buffer (see Figure 5) where the

candidate subtrees are materialized. Once a candidate subtree

is found, it is removed from the buffer, and its tree edit distance

to the query is computed.

Postorder Queue:
d5 d6 d7 d8 d9 d10 d11

article,5 VLDB,1 conf,2 Peter,1 auth,2 X3,1 title,2 · · ·

Memory Buffer:
d1 d2 d3 d4

John,1 auth,2 X1,1 title,2

append

Fig. 5. Incoming Nodes are Appended to the Memory Buffer.

The nodes in the memory buffer form a prefix of the docu-

ment (see Definition 7) consisting of one or more subtrees. All

nodes of a subtree are stored at consecutive positions in the

buffer: the leftmost leaf of the subtree is stored in the leftmost

position, the root in the rightmost position. Each node that

is appended to the buffer increases the prefix. New non-leaf

nodes are ancestors of nodes that are already in the buffer.

They either grow a subtree in the buffer or connect multiple

subtrees already in the buffer into a new, larger, subtree.

Example 4: The buffer in Figure 5 stores the prefix

pfx(D, d4) which consists of the subtrees D2 and D4. When

node d5 is appended, the buffer stores pfx(D, d5) which

consists of a single subtree, D5. The subtree D5 is stored

at positions 1 to 5 in the buffer: position 1 stores the leftmost

leaf (d1), position 5 the root (d5).

The challenge is to keep the memory buffer as small as

possible, i.e., to remove nodes from the buffer when they are

no longer required. We distinguish the nodes in the postorder

queue as candidate and non-candidate nodes: candidate nodes

belong to candidate subtrees and must be buffered; non-

candidate nodes are root nodes of subtrees that are too large

for the candidate set. Non-candidate nodes are easily detected

since the subtree size is stored with each node in the postorder

queue. Candidate nodes must be buffered until all nodes of the

candidate subtree are in the buffer. It is not obvious whether a

subtree in the buffer is a candidate subtree, even if it is smaller

than the threshold, because other nodes appended later may

increase the subtree without exceeding τ .

B. Simple Pruning

A simple pruning approach is to append all incoming nodes

to the buffer until a non-candidate node tc is found. At this

point, all subtrees rooted among tc’s children that are smaller

than τ are candidate subtrees. They are returned and removed

from the buffer. This approach must wait for the parent of a

subtree root before the subtree can be returned. In the worst

case, this requires to look O(n) nodes ahead and thus a buffer

of size O(n) is required. Unfortunately, the worst case is a

frequent scenario in data-centric XML with shallow and wide

trees. For example, τ = 50 is a reasonable threshold when

matching articles in DBLP. However, over 99% of the 1.2M

subtrees of the root node of DBLP are smaller than τ ; with

the simple pruning approach, all of them will be buffered until

the root node is processed.

Example 5: Consider the example document in Figure 4.

We use the simple approach to prune subtrees with threshold

τ = 6. The incoming nodes are appended to the buffer

until a non-candidate arrives. The first non-candidate is d18

(represented by (proceedings, 13)), and all nodes appended up to
this point (d1 to d17) are still in the buffer. The subtrees rooted

in d18’s children (d7, d12, and d17) are in the candidate set.

They are returned and removed from the buffer. The subtrees

rooted in d5 and d21 are returned and removed from the buffer

when the root node arrives.

C. Ring Buffer Pruning

The simple pruning is not feasible for large documents. We

now discuss the ring buffer pruning which buffers candidate

trees only as long as necessary and uses a look-ahead of only

O(τ) nodes. This is significant since the space complexity no

longer depends on the document size.
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The size of the ring buffer is b = τ + 1. Two pointers are

used: the start pointer s points to the first position in the ring

buffer, the end pointer e to the position after the last element.

The ring buffer is empty iff s = e, and the ring buffer is full

iff s = (e + 1) % b (% is the modulo operator). The number

of elements in the ring buffer is (e − s + b) % b ≤ b − 1.
Two operations are defined on the ring buffer: (a) remove the

leftmost subtree, (b) append node tj . Removing the leftmost

subtree Ti means incrementing s by |Ti|. Appending node tj
means storing node tj at position e and incrementing e.
Example 6: The ring buffer (�, d1, d2, d3, d4, d5, d6), s = 1,

e = 0, is full. Removing the leftmost subtree, D5, with 5

nodes, gives s = 6 and e = 0. Appending node d7 results in

(d7, d1, d2, d3, d4, d5, d6), s = 6, e = 1.
As the buffer is updated, it is possible that at a given

point in time consecutive nodes in the buffer form a subtree

that does not exist in the document. For example, nodes

(d13, d14, . . . , d18) form a subtree with root node d18 that is

different from D18. We say a subtree in the buffer is valid if it

exists in the document. In Section V-E we introduce the prefix

array to find the leftmost valid subtree in constant time.

The ring buffer pruning of a postorder queue of a document

T and an empty ring buffer of size τ + 1 is as follows:

1) Dequeue nodes from the postorder queue and append

them to a ring buffer until the ring buffer is full or the

postorder queue is empty.

2) If the leftmost node of the ring buffer is a non-leaf, then

remove it from the buffer, otherwise add the leftmost

valid subtree to the candidate set and remove it from

the buffer.

3) Go to 1) if the postorder queue is not empty; go to 2) if

the postorder queue is empty but the ring buffer is not;

otherwise terminate.

A non-leaf ti appears at the leftmost buffer position if all

its descendents are removed but ti is not, for example, after

removing the subtrees D7, D12, and D17, the non-leaf d18 of

document D is the leftmost node in the buffer.

Example 7: We illustrate the ring buffer pruning on the

example tree in Figure 4. The ring buffer is initialized with

s = e = 1. In Step 1 nodes d1 to d6 are appended to the ring

buffer (s = 1, e = 0, see Figure 6). The ring buffer is full and

we move to Step 2. The leftmost valid subtree, D5, is returned

and removed from the buffer (s = 6, e = 0). The postorder

queue is not empty and we return to Step 1, where the ring

buffer is filled for the next execution of Step 2. Figure 6 shows

the ring buffer each time before Step 2 is executed. The shaded

cells represent the subtree that is returned in Step 2. Note that

in the fourth iteration D17 is returned, not the subtree rooted

in d18, since the subtree rooted in d18 is not valid. Nodes d18

and d22 are non-candidates and they are not returned. After

removing d22 the buffer is empty and the algorithm terminates.

D. Correctness

The ring buffer pruning classifies subtree Ti as candidate or

non-candidate based on the nodes already buffered. Lemma 1

proves that this can be done by checking only the τ − |Ti|

↑ e = 0 ↑ s = 1
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Fig. 6. Ring Buffer Pruning Example

nodes that are appended after ti and are ancestors of ti: if all
of these nodes are non-candidates, then Ti is a candidate tree.

The intuition is that a parent of ti that is appended later is an

ancestor of both the nodes of ti and the τ − |Ti| nodes that

follow ti; thus the new subtree must be larger than τ .
Example 8: Consider example document D of Figure 4a,

τ = 6. Bi is the set of τ − |Di| nodes that are appended after

di. The subtree D2 is not in the candidate set since B2 =
{d3, d4, d5, d6} contains d5, which is an ancestor of d2 and a

candidate node. D21 is a candidate subtree: |D21| ≤ τ , B21 =
{d22}, d22 is an ancestor of d21 and |D22| > τ . (|B21| <
τ − |D21| since B21 contains the root node d22 which is the

last node that is appended.)

Lemma 1: Let T be a tree, cand(T, τ) the candidate set

of T for threshold τ , ti the i-th node of T in postorder, and

Bi = {tj | tj ∈ V (T ), i < j ≤ i− |Ti|+ τ} the set of at most

τ − |Ti| nodes following ti in postorder. For all 1 ≤ i ≤ |T |

Ti ∈ cand(T, τ) ⇔

|Ti| ≤ τ ∧ ∀tx(tx ∈ Bi ∩ anc(ti) ⇒ |Tx| > τ)
(1)

Proof: If |Ti| > τ , then the left side of (1) is false since

Ti is not a candidate tree, and the right side is false due to

condition |Ti| ≤ τ , thus (1) holds. If |Ti| ≤ τ we show

(tx ∈ Bi ∩ anc(ti) ⇒ |Tx| > τ) ⇔

(tx ∈ anc(ti) ⇒ |Tx| > τ),
(2)

which makes (1) equivalent to the definition of the candidate

set (cf. Definition 9). Case i + τ − |Ti| ≥ |T |: Bi contains

all nodes after ti in postorder, thus Bi ∩ anc(ti) = anc(ti)
and (2) holds. Case i + τ − |Ti| < |T |: (2) holds for all tx ∈
Bi ∩ anc(ti). If tx ∈ anc(ti) \Bi, then tx /∈ Bi ∩ anc(ti) and

the left side of (2) is true. Since any tx ∈ anc(ti) \ Bi is an

ancestor of all nodes of both Ti and Bi, |Tx| > |Ti|+|Bi| = τ ,
and (2) holds.
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Reverse Top-k Queries

•複数の属性(例：価格，性能)の多次元データに対して， 嗜好ベクト
ル(属性への重み付け)を与えて，top-k を検索するとする．
(? 嗜好ベクトルは向きにのみ意味がある)

•データ(例：自社製品)を与えられて，それがどんな嗜好ベクトルに
対しては top-k に入るかを検索したい．

– monochromatic: 条件を満たすベクトルの向きの範囲を答える

– bichromatic: 嗜好DBから条件を満たすユーザを抜き出す
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Monochromatic Reverse Top-k Query
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Fig. 2. Top-k query.

point p1 is the top-1 object, whereas if a low weight is used,

point p3 becomes the top-1 object. A linear top-k query takes

two parameters and can be expressed as TOPk(w), where w

is a d-dimensional vector w = {w[1], ...w[d]} that represents

preference values.

Definition (Top-k query): Given a positive integer k and a

user-defined weighting vector w, the result set TOPk(w) of

the top-k query is a set of points such that TOPk(w) ⊆ S,

|TOPk(w)| = k and ∀p1, p2 : p1 ∈ TOPk(w), p2 ∈ S −
TOPk(w) it holds that fw(p1) ≤ fw(p2).

In the Euclidean space a linear top-k query can be repre-

sented by a vector w. As discussed in [13] the magnitude of

the query vector does not influence the query result, as long as

the direction remains the same, i.e., representing the relative

importance between different dimensions. Therefore, we make

the assumption that
�d

i=1
w[i] = 1.

There is a one-to-one correspondence between any weight-

ing vector w and a hyperplane 
 that crosses a point p. In a d-

dimensional space, we call the (d-1)-dimensional hyperplane,

which is perpendicular to vector w and contains a point p as

the query plane of w crossing p, and denote it as 
w(p). All
points lying on the query plane 
w(p), have the same scoring

value equal to the score fw(p) of point p. Fig. 2 depicts an

example, where the query plane (equivalent to a query line in

2d) is perpendicular to the weighting vector w = [0.5, 0.5].
All points pi lying on the query line have a score value

fw(pi) = fw(p2) = 4.5. Furthermore, point p2 is the top-2
object for the query 0.5 × x + 0.5 × y. The rank of a point p

based on a weighting vector w is equal to the number of the

points enclosed in the half-space defined by the query line (or

(d-1)-dimensional query plane) that contains the origin of the

data space. In the rest of the paper, we refer to this half-space

as query space of w defined by p and denote it as Hw(p).

B. Definition of Reverse Top-k Queries

In this section, we formally define the monochromatic and

the bichromatic reverse top-k query.

Definition (Monochromatic Reverse top-k): Given a point q

and a positive number k, as well as a dataset S, the result set

of the monochromatic reverse top-k (mRTOPk(q)) query of

point q is the locus1, i.e., a collection of d-dimensional vectors

{wi}, for which ∃p ∈ TOPk(wi) such that fwi
(q) ≤ fwi

(p).

1In mathematics, locus is the set of points satisfying a particular condition,

often forming a curve of some sort.
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Fig. 3. Monochromatic reverse top-k query.

Definition (Bichromatic Reverse top-k): Given a point q and a

positive number k, as well as two datasets S and W , where S

represents data points and W is a data set containing different

weighting vectors, a weighting vector wi ∈ W belongs to the

bichromatic reverse top-k (bRTOPk(q)) result set of q, if and

only if ∃p ∈ TOPk(wi) such that fwi
(q) ≤ fwi

(p).

For the sake of brevity, in the rest of this paper we denote

a query point q ∈ TOPk(wi), instead of ∃p ∈ TOPk(wi)
such that fwi

(q) ≤ fwi
(p). Consider for example the dataset

depicted in Fig. 2. For a query point q=p2, the weighting vector

w belongs to the reverse top-k, if the query space Hw(p2)
of w defined by p2 (depicted as shadowed triangle) contains

less than k points. The challenge is to find all the weighting

vectors wi that define query spaces Hwi
(q) containing less

than k points. For the bichromatic version of the reverse top-

k query, the result set contains a finite number of weighting

vectors, while the monochromatic version aims to describe the

parts of the solution space that satisfy the query.

III. MONOCHROMATIC REVERSE TOP-K QUERIES

Given a dataset S, a monochromatic reverse top-k query

returns all weighting vectors w, for which query point q ∈
TOPk(w). Let us assume that W denotes the set of all valid

assignments of w. Fig. 3 shows the data and solution space

of a 2-dimensional monochromatic reverse top-k query. Since�d

i=1
w[i] = 1 and w[i] ∈ [0, 1], all valid weighting vectors of

the reverse top-k query form the line w[1]+w[2] = 1 in the 2-
dimensional solution space that is defined by the axis w[1] and
w[2]. Notice that it is not possible to enumerate all possible

assignments of w ∈ W , since the number of possible vectors

w is infinite. On the other hand, the solution space W can be

split into a finite set of partitions Wi (
�

Wi = W ,
�

Wi = ∅),
such that query point q has the same ranking position for all

the weighting vectors w ∈ Wi. Then, the result set of the

monochromatic reverse top-k is a set of partitions Wi of the

solution space W :

mRTOPk(q) = {Wi : ∃wj ∈ Wi ∧ q ∈ TOPk(wj)}
The main topic of this section is finding the partitions

that form the result set of a monochromatic reverse top-k

query. In the following, we focus on the 2-dimensional case.

First, an example is given in order to provide an intuition

about the problem. Then, we provide an algorithm for the

monochromatic reverse top-k query for the 2-dimensional

case.

367

•w1 と w2 の間の嗜好ベクトルに対しては，q は top-1

• q を質問とする逆 top-1 質問の解は{[w1, w2]}
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Monochromatic Reverse Top-k Query
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Fig. 4. Examples of mRTOPk(q) queries.

A. Interpretation of Solution Space

Consider for example the dataset depicted in Fig. 3(a). Only

three points p, q and r belong to the top-1 result set for any

weighting vector, since these are the only points that belong

to the convex hull [2]. There exists at least one weighting

vector wi for which q ∈ TOP1(wi), and therefore at least

one partition Wi ∈ mRTOP1(q). In order to determine the

boundaries of the partition Wi, the line segments pq and qr

have to be examined.

Let w1 be the weighting vector that is perpendicular to pq,

then it holds that fw1
(p)=fw1

(q) and therefore p and q have

exactly the same score for the TOP1(w1). Recall that the

line �w(p) that is perpendicular to the weighting vector w and

crosses p, defines the value of the scoring function and also

the rank of point p according to w. For weighting vectors with

smaller and larger angles than w1, the relative order of p and q

changes. If p had a lower rank than q for vectors with smaller

angle than w1, then for vectors with larger angle than w1,

point p has a higher rank. Since the relative order between

p and q changes only once, there exists exactly one partition

Wi, such that for all the weighting vectors w ∈ Wi it holds

that q ∈ TOP1(w).

The boundaries of the partition Wi are defined by the

weighting vectors w1, w2 that are perpendicular to the line

segments pq and qr respectively. All weighting vectors w for

which the following inequality holds are in the reverse top-1
result set of q:

λqr

λqr−1 ≤ w[1] ≤
λpq

λpq−1

where λpq = q[2]−p[2]
q[1]−p[1] and λqr = r[2]−q[2]

r[1]−q[1] are the slopes of

lines pq and qr respectively. The above inequalities are derived

by using the properties that w1 ⊥ pq and w2 ⊥ qr. The result

set of the monochromatic reverse top-1 query mRTOP1(q)
is a segment (partition) of the line w[1] + w[2] = 1 in the

2-dimensional solution space defined by w1 and w2, as shown

in Fig. 3(b).

In our previous example, the result set mRTOP1(q) con-

tains at most one partition Wi of W . However, for a reverse

top-k query with k > 1, the result set may contain more

than one non-adjacent partitions Wi. Consider for example

the three data points in Fig. 4(a) and assume we are interested

to compute the mRTOPk(q) for k=2. Query point q is in

the top-2 result set for both weighting vectors w1 and w3.

Algorithm 1 Monochromatic Reverse top-k Algorithm.

1: Input: S, q
2: Output: mRTOPk(q)
3: W � ← {∅}, R ← {∅}, RES ← {∅}
4: for (∀pi ∈ S) do
5: if (q �≺ pi and pi �≺ q) then

6: wi[1] ←
λpiq

λpiq−1
, wi[2] ← 1 − wi[1]

7: W � ← W � ∪ {wi}
8: end if
9: end for

10: sort W � based on increasing value of wi[1]
11: w0 ← [0, 1], w|W �|+1 ← [1, 0]
12: R ← {p : p lies in Hw0

(q)}
13: kw ← |R| //number of points in R
14: for (∀wi ∈ W �) do
15: if (kw ≤ k) then
16: RES ← RES ∪ {(wi, wi+1)}
17: end if
18: if (pi+1 ∈ R) then
19: kw ← kw − 1
20: else
21: kw ← kw + 1
22: end if
23: end for
24: return RES

However, when weighting vector w2 is considered, with angle

between w1 and w3, it is obvious that q no longer belongs

to the top-2. Thus, in this small example, the monochromatic

top-k query would return two non-adjacent partitions Wi.

B. Monochromatic Reverse Top-k Algorithm

Algorithm 1 describes the monochromatic reverse top-k

algorithm for the 2-dimensional case. Data points that are

dominated2 by q are always ranked after q for any weighting

vector w, while points that dominate q are ranked before q

for any weighting vector w. For example in Fig. 4(b), p5

is worse (ranked lower) than q, whereas p6 is better (ranked

higher) than q for any w. Points of the dataset that are neither

dominated by nor dominate q are ranked higher than q for

some weighting vectors and lower than q for other weighting

vectors. Thus, our algorithm examines only such incomparable

points {pi} to q (line 5), because they alter the rank of q. The

weighting vector wi for which the rank between q and a data

point pi changes, can be easily determined as the vector that is

perpendicular to the line qpi (lwi
(q)). Consequently, we have

to examine all lines3 that pass through q and any other point pi,

which is incomparable to q. These lines define the boundaries

of the partitions Wi, therefore the corresponding weighting

vectors are kept in a list W � (line 7). Then, we identify the

partitions for which q belongs to the top-k, by processing W �.

In Fig. 4(b), after the sorting by increasing value of wi[1]
(line 10) the set W � is {w1, w2, w3, w4} corresponding to the

lines qp1, qp2, qp3, qp4 respectively. Then, vectors w0 and

2A point p dominates q, if ∀di ∈ D, p[i] ≤ q[i]; and on at least one
dimension dj ∈ D, p[j] < q[j].

3This is similar to the approach in [8], which is used to compute a robust
layered index.

368

• k ≥ 2 では解は複数の範囲になりうる．

• q を質問とする逆 top-2 質問の解は{[., w1], [w3, .]]}
• qを原点として第一(三)象限の点は常にqより下(上)位

•第二，第四象限の点とqを結んだ直線に垂直な嗜好ベクトルについ
て top-k を求めればよい．

7
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Reverse Top-k Queries

Bichromatic Reverse Top-k Query

•単純に嗜好ベクトルDB中の全ベクトルについて top-k を求めると
大変

•DB中の嗜好ベクトルを近い順にソート(greedy にやる)

•一つ前の嗜好ベクトルの top-k の解を覚えておき，それらが，次の
嗜好ベクトルに対して，q より上位になるか調べる．

– 上位なら，q は，top-k に入らない．

– つまり，その嗜好ベクトルは，q の逆 top-k に入らない．

8
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Reverse Top-k Queries

Bichromatic Reverse Top-k Query のキャッシュによる効率化
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Fig. 5. Example of bichromatic algorithm (RTA).

In the worst case, the algorithm has to process |W | top-
k queries, hence the algorithm degenerates to the brute force

algorithm. However, in the average case the algorithm returns

the correct result by evaluating much less than |W | top-k
queries, which is verified also in the experimental evaluation.

On the other hand, RTA has to evaluate at least |bRTOPk(q)|
top-k queries, since no weighting vector wi can be added in

the result set without evaluating the respective top-k query.

B. RTA Example

In order to provide an intuitive example of RTA, con-

sider the dataset consisting of points pi, a dataset W =
{w1, w2, w3}, as well as the query point q, depicted in Fig. 5.
Let us assume that k=2 and the first examined weighting

vector is w1. As depicted in Fig. 5(a), RTA computes the top-

2 query (TOP2(w1)) and finds that the top-2 data point for
w1 is p1. Points p1 and p2 are enclosed in the query space

Hw1
(p1) (depicted as gray triangle) and those points are kept

in the buffer {p2, p1}. If the query point was enclosed in
Hw1

(p1) then w1 would belong to the result of the query.

In our example, the query point q is not enclosed in Hw1
(p1),

therefore w1 does not belong to the bRTOPk(q). In the next
step (Fig. 5(b)), the most similar weighting vector to w1,

namely w2, is examined and the threshold is set based on

the query line lw2
(p1) of w2 crossing p1, depicted as the gray

triangle (Hw2
(p1)). Since q is not enclosed in Hw2

(p1), the
weighting vector w2 is discarded, without further processing.

Notice that Hw2
(p1) contains at least 2 data points (in this

example 3: {p1,p2,p3}), and this explains why w2 can be

safely discarded. When the next vector w3 is considered, q is
enclosed in Hw3

(p1), therefore the result set TOP2(w3) has
to be retrieved, and the buffer now contains {p2, p3}. Notice
that the score value of q is not better than the score value
of p3 that is the top-2 data point of this query, so w3 is not

added to the reverse top-2 result set of q. Thus, none of the 3
weighting vectors belongs to the result of bRTOP2(q).

V. MATERIALIZED REVERSE TOP-K VIEWS

In this section, we present an indexing structure (RTOP -
Grid) based on space partitioning, which materializes reverse
top-k views for efficient processing of bichromatic reverse

top-k queries. First, we present an example that explains

how RTOP-Grid improves the performance of reverse top-

k queries, by further reducing the required number of top-
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Fig. 6. Example of grid-based algorithm.

k query evaluations. Then, we describe in detail the reverse
top-k algorithm based on RTOP-Grid. Afterwards, we clarify

the details on how the construction of the RTOP-Grid can be

accomplished in an efficient manner. Finally, we generalize

our approach for arbitrary k values and discuss updates.

A. Motivating Example

Let us assume a grid-based space partitioning of the data

space. The grid consists of disjoint data space partitions, also

called cells. Each cell Ci is defined by its lower left corner C
L

i

and upper right corner CU
i
. For each cell Ci and a given value

k, a reverse top-k query for each corner CL

i
and CU

i
is evalu-

ated and the result set is stored. More particularly, the resulting

weighting vectors wz are maintained in a list associated with

the corresponding corner, for example for the lower left corner

CL

i
we define as LL

i
= {wz ∈ bRTOPk(CL

i
)}. Analogously,

LU

i
is defined. During the reverse top-k evaluation, each

grid corner is considered as a query point and the query is

evaluated (using Algorithm 2) against the dataset S, ignoring
the remaining grid corners. The list LL

i
(LU

i
) associated with a

corner CL

i
(CU

i
) of Ci is considered as a materialized reverse

top-k view, as it contains all weighting vectors that would

be the result of a query bRTOPk(CL

i
) (bRTOPk(CU

i
)).

Henceforth, we refer to the lists of weighting vectors of a

cell as materialized views.

For example, consider the grid depicted in Fig. 6(a). During

query processing we can exploit the materialized views of the

cells, in order to restrict the number of weighting vectors that

need to be examined by our reverse top-k algorithm. Given
a query point q, the cell Ci which encloses query point q is
determined. It is obvious that for any wz that does not exist

in materialized view LL
i
, wz cannot be in the reverse top-k

of q. This is because CL

i
dominates q, thus for any wz , query

point q has a higher score than the corner CL

i
. Therefore, if the

corner CL

i
does not qualify for the top-k result set, neither can

point q. For example, consider Fig. 6(b). If wz /∈ LL

i
, then the

query space Hwz
(CL

i
) defined by the query plane �wz

(CL
i

),
contains more than k data points. Consequently, also the query
space Hwz

(q) contains more than k points, and therefore q /∈
TOPk(wz).
On the other hand, if a weighting vector wz belongs to

materialized view LU
i
, then wz is definitely in the reverse top-

k result of q. To explain this better, consider Fig. 6(b) and
that wz belongs to the reverse top-k result set of CU

i
, i.e.,

370

•データ空間をグリットで切る
•各グリットの左下と右上の点の逆 top-k を計算しておく

• q が与えられたら，q が入るグリッドを見る

– 左下の点の逆 top-k の解でないものは，絶対に q の解にならない
– 右上の点の逆 top-k の解は，絶対に q 解になる
– それ以外の嗜好ベクトルについてのみ調べればよい

9
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Top-K Aggregation Queries over Large Networks

ネットワーク上の h-hop 内の集約演算
ノード v の値: f(v) → [0, 1]

vのh-近傍: Sh(v)

h-近傍内の集約: F (v) = vのh-近傍内のf(u)の和(or 平均)

F (v) が top-k に入る k 個のノードを求める．

手法1

•ノードv毎に |Sh(v)|を記録しておく
•エッジ(v, u)毎に |Sh(v) \ Sh(u)|を記録しておく
•F (v) ≤ F (u) + |Sh(v) \ Sh(u)|
•F (v) ≤ |Sh(v)| − 1 + f(v)

•これらの上限から，top-k に入り得ない v については計算しない

10
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Top-K Aggregation Queries over Large Networks

手法2

• f(v) の大きい順に，そのノードの f(v) を逆向きに分配

•各ノードには分配された値f(u1), f(u2), . . . , f(ul)が貯まる

•ある程度分配したら，以下の上限を使ってtop-k に入り得ない v を
求める
F (v) ≤ f(u1) + · · · + f(ul) + (N(v) − l) ∗ f(ul) + f(v)

•それ以外の v について通常の手法で集約値を求める
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TopCells: Keyword-Based Search of Top-k

Aggregated Documents in Text Cube
Bolin Ding, Bo Zhao, Cindy Xide Lin, Jiawei Han, Chengxiang Zhai

Department of Computer Science, University of Illinois at Urbana-Champaign
{bding3, bozhao3, xidelin2, hanj, czhai}@uiuc.edu

Abstract— Previous studies on supporting keyword queries in
RDBMSs provide users with a ranked list of relevant linked
structures (e.g. joined tuples) or individual tuples. In this paper,
we aim to support keyword search in a data cube with text-rich
dimension(s) (so-called text cube). Each document is associated
with structural dimensions. A cell in the text cube aggregates a
set of documents with matching dimension values on a subset
of dimensions. Given a keyword query, our goal is to find the
top-k most relevant cells in the text cube. We propose a relevance
scoring model and efficient ranking algorithms. Experiments are
conducted to verify their efficiency.

I. INTRODUCTION

The boom of Internet has given rise to an ever increasing

amount of text data associated with multiple dimensions (at-

tributes), for example, customer reviews in shopping websites

(e.g. Amazon) are always associated with attributes like price,

model, and rate. A traditional OLAP data cube can be naturally

extended to summarize and navigate structured data together

with unstructured text data. Such a cube model is called text

cube [1]. A cell in the text cube aggregates a set of documents

with matching attribute values on a subset of dimensions.

Keyword query, popularly used to retrieve useful informa-

tion from a collection of plain documents, is being extended

to RDBMSs, e.g., [2], [3], [4], [5], [6], [7]. Given a set of

keywords, existing methods find relevant tuples or joins of

tuples (e.g., linked by foreign keys) that contain the keywords.

In this paper, we study the problem of keyword-based top-k

search in text cube: given a keyword query, to find the top-k most

relevant cells in a text cube. Different from keyword search in

RDBMSs (finding linked tuples), keyword search in text cube

discovers relationship between structural dimensions and text

data, and outputs relevant cells (aggregations of tuples), which

represent certain objects and are easy to be browsed.

Example 1.1 (Motivation): Table I shows a database of cus-

tomer reviews of laptops. Customer Review is the text data,

whereas Brand, Model, CPU, and OS are structural dimensions.

Jim, a marketing analyst, wants to find which laptops are com-

mented as light weight and powerful performance. He types a set of

keywords: {“light”, “weight”, “powerful”}. Using IR techniques,

the system can rank all the customer reviews and output the most

relevant ones. However, when there are many customer reviews

relevant to the query, Jim has to browse through a lot of reviews and

summarize different opinions by himself. Is it more desirable that

The work was supported in part by NASA grant NNX08AC35A, the U.S.
National Science Foundation grants IIS-08-42769 and IIS-09-05215, and the
Air Force Office of Scientific Research MURI award FA9550-08-1-0265,
an HP Research grant, and Microsoft research Women’s Scholarship. Any
opinions, findings, and conclusions expressed here are those of the authors
and do not necessarily reflect the views of the funding agencies.

TABLE I

MOTIVATION EXAMPLE

Brand Model CPU OS Customer Review

Acer AOA110 1.6GHz Linux d1: light weight of only 2.2
lb, fun and powerful features

Acer AOA110 1.8GHz XP d2: weight just over 0.9 kg,
powerful Intel Processor

Asus EEE PC 1.8GHz XP d3: . . . in pearl white style,
images are sharp, disk is large

a system provides users with “aggregated information”, such as

“Acer AOA110 laptops are usually lightweight and have powerful

performance”, than returning individual reviews?

In text cube, a cell, in the form of (Brand = Acer, Model =

AOA110, CPU = *, OS = *), aggregates {d1, d2}, representing an

object “Acer AOA110 laptops”. It can be seen that this cell is more

relevant to Jim’s query than another cell (Brand = *, Model = *,

CPU = 1.8GHz, OS = XP). Our goal is to provide Jim with a ranked

list of relevant cells, instead of individual customer reviews.

Overview. Section II defines the keyword search problem in

text cube: we introduce text cube of multidimensional text

data, and define the keyword query language and relevance

model in text cube. In Section III, we propose two approaches.

The first one scans the inverted index of each keyword in

the query only once to compute the relevance scores of all

cells. The second one optimizes the search order and prune

the search space by estimating relevance score upper bounds

in subspaces, so as to explore as few cells in the text cube as

possible for finding the top-k answers. Experimental study is

reported in Section IV, followed by related work in Section V.

II. KEYWORD QUERIES IN TEXT CUBE

A. A Data Cube Model for Text Data

A set D of documents is stored in an n-dimensional database

DB = (A1,A2, . . . ,An,D). Each row of DB is in the form of

r = (a1, a2, . . . , an, d): let r[Ai] = ai ∈ Ai be the value of

dimension Ai, and r[D] = d be the document in this row.

The data cube model extended to the above multidimen-

sional text database is called text cube [1]. Several important

concepts are introduced as follows.

Cell and Aggregated Document. In the text cube built on DB,

a cell is in the form of C = (v1, v2, . . . , vn : D), where either

vi ∈ Ai (a value of dimension Ai) or vi = ∗ (the dimension

Ai is aggregated in C), and D (the aggregated document in C)

is the set of documents in the rows of DB having the same

dimension values as C on all the non-∗ dimensions. Formally,

D = {r[D] | for r ∈ DB s.t. r[Ai] = vi if vi 	= ∗}. We use

C[Ai] to denote the value vi of dimension Ai in the cell C,

and C[D] to denote the aggregated document D in C. Define
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目的

•質問「light, powerful」に対して，(Acer,AOA110,*,*)等のよう
な集約セルで，n個以上のデータを含み，かつ，集約文書のスコア
がtop-k となるセルを求める．

手法

•基底セル(*がないもの)のスコアからボトムアップに集約していく

•スコアの高いものから集約していく
•集約セルのスコアは集約されたスコア中の最低値と最大値の間
•現時点のどのセルの途中結果よりも高いスコアを持つものはtop-k
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