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ABSTRACT

Data on the Web is increasingly being used for discovery and
exploratory tasks. Unlike traditional fact-finding tasks that require
only the typical single-query and response paradigm, these tasks
involve a multistage search process in which bits of information
are accumulated over a series of related queries. The ability and
effectiveness of users to connect the dots between these pieces of
information is crucial to enable discovery. In this paper, we
introduce the notion of agglomerative querying for supporting
“search processes” and present its motivation, formalization and
challenges. We focus on a specific class of agglomerative
querying called association agglomerative querying which is very
natural for linked data models such as RDF. We present a
preliminary implementation approach for processing such queries
and discuss its relationship with SPARQL query processing.
Finally, we present empirical results for proving the effectiveness
of our approach on the DBLP dataset and future directions.
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General Terms
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1. INTRODUCTION

The increasing popularity of metadata standards like RDF [22]
and OWL [23] has resulted in heightened focus on storage and
querying issues. Most of the existing query languages [3][5] and
querying systems [7][8][15][19] for RDF data primarily support a
graph pattern matching querying paradigm in which a query
(graph pattern) returns a list of matching subgraphs. A
characteristic shared by these approaches as well as relational
querying techniques is that the query model is a single query-
response paradigm in which queries are considered independent
of each other and the focus is on answering a specific query
posed. Such a query model can only be suitable for fact-finding
tasks where users specify their needs in a single data pattern
description. However, when search tasks are more exploratory in
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nature or discovery-oriented, information need is typically not
satisfied by the answer to a single query. Rather, knowledge is
acquired in a multistage querying process in which pieces of
information are gathered and weaved together across a series of
questions. [6] characterizes the nature of such searches as “
information-seeking problems that are open-ended, persistent,
and multi-faceted” with processes that are “opportunistic,
iterative, and multi-tactical”.

Motivating Example As a Ph.D. student, Matt is interested in
anything that will help him advance his education and research.
He decides to explore the topic “Data Intensive Computing” and
begins by submitting a query to retrieve papers on “data intensive
computing” in the last 3 years. He also queries about conferences
that focus on this topic and other related questions. Later, he
decides to begin a seemingly unrelated task of registering for
courses for the following semester. He queries about the list of
courses being offered for the next semester. Matt may choose to
make his decision on courses based on information he receives
from friends. However, providing Matt with additional
information about associations between these queries and his
earlier queries could help Matt make a more informed decision.
For example, it may be useful to highlight the existence of an
association between one of the query answers in query 3 and
another answer in query 2 as shown in the lower part of Figure 1.
Specifically, (1) paper "Simultaneous scalability and security for
data-intensive web applications" was published in SIGMODO6’;
(2) professor Peter Buneman served as PC chair for an earlier
SIGMOD conference (1993). Professor Peter Buneman teaches
the course “Applied Databases”, offered the next semester and
therefore should be considered as a potential course to take in that
semester.

Awareness about relationships in data is crucial to the weaving
process that users confront in exploratory or discovery tasks and
supporting their exposition, which could expedite the process of
discovery. Further, they could provide clues on other paths that
could be pursued. For example, Matt may now consider, Prof.
Buneman as a potential dissertation committee advisor and try to
schedule a meeting with him. This motivates the need for
agglomerative querying models that knit together information
across multiple queries in order to provide users with useful
additional information beyond their specific queries. This paper
goes in that direction.

1.1 Challenges and Contributions

There are three main challenges that must be overcome in the
development of agglomerative querying models: (1) support for
multistage querying processes, caching and management of query
and answer histories; (2) the need for efficient computational
strategies for association computation; (3) the need for a cost
model for estimating the “informativeness” of associations. The



primary focus of this paper is (3) and some components of (1)
with a preliminary discussion on (2). Specifically,

e We introduce and formalize the novel problem of
agglomeration query answering over RDF databases with
particular focus on a specific class called association
agglomeration query answering whose goal is to augment
queries on RDF databases with information about query
associations.

e Present an information-theoretic cost model for assessing
“informativeness” of an association. This leads to the problem
of Optimal Association Agglomeration Query Answering
(OAAQA) problem that ensures that only the most
“informative” associations are presented to users.

e A preliminary computational approach for the OAAQA
problem is presented based on earlier work on a graph
serialization technique for supporting path computation on disk
resident databases. We present evaluation of the effectiveness
of our approach on a real world dataset, DBLP.

2. RELATED WORK

Top-K Weighted Subgraph Discovery In the context of graph
structured data, there have been different research efforts that
focused on computing subgraphs connecting graph elements
[21[41[71[91[10][19][20]. In keyword search area, existing work
[41[71[20] focused on computing spanning or Steiner trees using
cost models that prefer smaller trees. For the problem of
connection subgraph discovery, current approaches have focused
on computing “best” subgraphs connecting query nodes. [2][9]
proposed a two phase approach, in which a candidate graph is
generated first and then a final smaller “good” display is
computed from the candidate graph. Recently, [10] used a
decomposition technique by which they partition a large graph
into a set of small ones, compute “best” connection within each
small graph, and then extend the connection between smaller
graphs using an index called community hierarch tree. Unlike our
approach, these approaches use navigational style (e.g., DFS-like)
algorithms on memory-resident graphs. However, for disk-based
graphs, appropriate storage models will need to be developed to
avoid the problem of each step of graph exploration resulting in a
disk 1/0.

Other Related Efforts Query suggestion systems have been

proposed to facilitate users in their search process by
recommending related queries [14]. However, in these systems,
recommendations are given based on similar queries issued
previously, while our approach does not require the existence of
past similar search. There has been similar recent work motivated
by the lack of support for discovery tasks that has resulted in the
development of Exploratory Systems [12][13][16][18]. However,
current efforts largely focus on user interface issues and try to aid
and guide the user while browsing a document collection. Also,
these systems do not effectively support linking and combining of
search results across a long-lived discovery process that involves
multiple queries.

3. AGGLOMERATIVE QUERYING:
MODEL AND SEMANTICS

An Agglomerative Query Model “agglomerates” information in
a user’s querying context that typically consists of a series of
queries. It is proposed as an extension of the traditional SPARQL
pattern matching querying model in which answers of newer
SPARQL queries are augmented with useful information based on
previous queries. In this section, we present a specific subclass of
agglomerative querying which we call association-based
agglomeration. Its presentation begins with a review of SPARQL
query semantics.

3.1 Agglomerative Querying

An RDF graph is a collection of subject-predicate-object (s-p-
0) triples, in which subject and object are mapped into graph
nodes and properties (binary predicates) are mapped into graph
edges. Both nodes and edges in an RDF graph are Semantic Web
resources identified by URIs but objects may be literals. We refer
to URIs and literals as RDF terms.

A graph pattern Q is a set of triple patterns which are RDF
triples with variables in either of the s-p-o positions. Given a
graph pattern query Q, a query answer to Q over an RDF dataset
D, denoted by [Q]), is a variable substitution &, such that[Q], =
{6]dom(8) = Var(t)and §(¢t) € D }, where t is a triple pattern
in Q, dom(&) is the domain of 6, Var(t)is the set of variables in t,
&(t) denotes the triple obtained by substituting RDF terms for the
variables in t in terms of §. In brief, a query answer is a set of
substitutions of variables by RDF terms. In this paper, we focus
on a specific subclass of SPARQL queries: those in which
variables only occur at subject or object positions.

Query 1: Find papers on "data intensive
computing” in the last 3 years.

Query 2: Find conferences in
Database research.

Answers to Query 1:
{ 'Simultaneous scalability and security for
data-intensive web applications”
"Flexible and scalable storage management
for data-intensive stream processing”

Answers to Query 2:
{:SIGMOD
VLDB
PODS
IC
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Query 3: List courses being
offered in the fall

Answers to Query 3:

{ Database Systems
Applied Databases
Software Engineering

Applied
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PCchairof

"Data Intensive
Computing”

Query 4: List Seminars coming up
in the next 2 months in the department.

Answers to Query 4:

{ Systematic Testing of Programs
Scalable Data Services for Data Intensive
computing Declarative Metworking:What is Mext
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Peter
Buneman
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O SPARQL Query Answers

Nodes Introduced by Associations

Figure 1 Motivating Example



Definition 1 (Agglomerative Query): Given a query
sequence Qq,Q>, ..., Q;, an agglomerative query Q; for Q; is a
function

Qi = Agg (Il {[e;] |/ =1toi—1}),

where Q; is a query that precedes Q; and Agg™ is @ member of a
class of agglomerative functions i.e. functions of the current query
and answers to previous queries. This paper focuses on the
Agg* function that computes associations i.e. connection
subgraphs between query answers denoted by © and refer to this
class of agglomerative queries as association agglomeration
queries.

Definition 2 (Path Expression): A Path Expression
(ny,ny, PE) is a triple such that n, and n, are source and
destination nodes respectively, and PE is regular expression over
triples/labeled edges whose language contains strings that
represent paths between n, and n, . For example, the path

expression (n,,ny, PE) = (nx,ny, (aeb) U (evfcg)) represents
two paths ny, e, ny, f,ny, g,n, and n,,a,ny, b, n, between n,
andn,, .

Definition 3 (Association Agglomeration Query Answer
(AAQA)): Given a set of query answers {[[Q,-]]Dl <j<i-
1} and a new SPARQL query Q;, an association agglomeration
query answer over D, denoted as [Q;]}, is a tuple:

[ed5 = eQl.{[o]|j=1t0i-1p
= ([[Qi]]Dr [(nxlny!PE)m])

such that the first element is the answer to the current SPARQL
query and the second element is a sequence of path expressions:
(1) ny € [Qklp,n, € [Q]p for 1 <k, 1 <i. Note that n, and

n, may belong to the same query answer;
(2) PE is a regular expression that represents paths from n, to

n, inD.

Example: Suppose, as shown in Figure 1, the previous queries
Q4 and Q, are 1. “Find papers on ‘data intensive computing’ in
the last 3 years”, 2. “Find the top conferences in Database
research” and the current query Q3 is “List courses that will be
offered in the fall”, then

[Qsl; =

((Database Systems", "Software Engineering"”, “Applied Databases"),

, [("Database Systems","VLDB", fieldin),
("Applied Databases","SIGMOD", Instructor e PCchairof)])

3.2 Problem Statement

Each SPARQL query could have a large number of answer
nodes for which we want to compute associations. Further, there
could exist multiple associations between each pair of query
answers. Providing all answers might lead to information
overload. Ideally, we want to compute the most “informative”
associations for the most important entities in query results.
Therefore, it is expected that agglomerative query answering will
have a better outcome if only a subset of (top) previous query
results are considered. Further, we are only interested in the most
important associations amongst the selected subset. We now
define the specific problem we address in this paper.

1. PROBLEM (Optimal Association Agglomeration Query
Answer (OAAQA)): Given a query Q;, a subset [Q; ] of query
answers {[[Qj]] c [o] |j =1toi— 1},an integer budget b, and

a score function w whose domain is the set of possible path
expressions, the problem optimal AAQA is to compute

[Q:1p = ([Q:Ip, P), where
@P= [(nx,ny,PE)m Ny, n, € {[[Q]-]]’}],and
(b) w ((nx,ny,PE)n) <w ((nx,ny,PE)m) if n < m, such that

(i) P maximizes Y, w ((nx,ny,PE)m), and
(ii) the total number of edges contained in all the paths
represented in [(nx,ny,PE)m] being equal to or less than
b.
We refer to P = [(nx, n, PE)m] as an association set.

Proposition 1: The Optimal Association Agglomeration Query
Answering problem is NP-hard.

Proof Sketch — Reduction to 0/1 Knapsack problem. We construct
an instance of OAAQA by setting the items as paths that connect
pairs of entities in query answers, corresponding the weight to the
length of path connecting one pair of entities and setting the price
as the score of the path between the pair of entities. m

2. Entropy Based Cost Model

Here, we present an entropy based cost model to capture the
“informative content” of the associations in an association set R;.
Entropy is a formal representation of the amount of information
conveyed by an event, which can be measured by the negative
logarithm of the probability of occurrence of the event [1]. Thus,
for a random variable or an event, denoted as X, which has n
possible outcomes x1, x5, -+, x, With probabilities p(x;), p(xy),
-+, p(x,), the entropy is given by

HX) = =X p(r) log(p(x)) (1)

Intuitively, the entropy of a graph can be defined as the sum of the
entropy of its components. In our case, the components of an
association set R; denote the paths that connect a pair of nodes in
the query answers. We begin with defining the entropy

H(PATH, (n,n,)) of apath PATH, (n,,n,) = n,, Pry,ny, Pry,
ny, -, Pry,,m, that connects n, and n, where n;, 1 <i<m-—
1, are entities and Pr,1<j<m, are properties. Assume

Pry, Pry, -+, Pry, are independent from each other, then, based on
(1), we have

H (PATHj (nx, ny)) = -2 p(Pr) log(p(Prk)) 2)

where p(Pr;) is the probability of the property Pr; occurring in
an RDF dataset D. Effectively capturing the informativeness of
associations must account for both the degree of “relatedness” of
nodes (i.e., the number of nodes they connect to) as well as the
type of relationships they have i.e. the types of properties on the
connections. Consequently, we propose a hybrid entropy function
consisting of two types of entropy measures: property-specific
entropy and property-independent entropy. For property-specific
entropy, the probability function used for entropy calculation is
defined as:

Pr
pon (Pri) = T2 (3)

where |Pr|p is the number of instances of the property Pr; in the
dataset D and |Pr|p is the total number of instances of all
properties in D. The probability function used for calculating
property-independent entropy is defined as:

outDeg (vy) (4)

Psi(PTie) = & ibeg )



where outDeg(v, ) denotes the outdegree of the node v, and vy, is
the subject of property Pr;, Y ey outDeg(v) is the sum of the
outdegrees of all nodes in D. Thus, we have

H(PATH,(n,,n,)) =
—Xk=1Psp (P1) 108(Psu (Prk)) — Xiz1psr(Pry) 10g(P51 (Prk)) ®)
Finally, the entropy of R; can be defined as
H(R) = ZPATHjERi H(PATH]- (nxrny)) (6)

4. APPROACH

Figure 2 shows the architecture of the Mosaic system which
supports association-based agglomerative querying of RDF. In the
current approach, processing occurs in 2 phases. In the first phase,
SPARQL queries are processed using a traditional SPARQL
query engine. The SPARQL query may define a limited number
of query answers using the limit operator (e.g. to support top-K
query answering). Query results are stored in the query answer
cache. (The implementation of the cache is not focus of this
paper). Then, in the second phase, these query results are used as
the input for OAAQA generation. A heuristic approach is used to
compute an approximation to the OAAQA problem as follows:
first compute exact solution for smaller versions of the problem
(subgraph induced by a pair of nodes) and then uses those
solutions to approximate the overall solution. Specifically, we (1)
solve the OAAQA for pairs of nodes (i.e., local OAAQA) with a
fraction b/k of the global budget b using DP; (2) then, pick k
computed sub-solutions with highest entropies satisfying the
condition that the total length of all paths of chosen subgraphs is
not greater than global budget b. Note that the final solution may
include more than k sub-solutions, which depends on whether or
not the global budget b has been used up by the k sub-solutions.
This happens when the solutions for some local OAAQAs do not
use up their budget b/k so that picking just k sub-solutions may
not use up b. The pseudo code for the overall algorithm is listed in
Table 1. We next briefly describe step 2.

o Step 2.1 - Local Optimal AAQA Generation

Given a pair of entities, the goal of local OAAQA generation is
to find a subset of all paths between the pair of entities with
highest entropy such that the length of all paths in the subset is
less than or equal to the budget b = b/k. Achieving this requires
solutions to two problems: obtaining associations for each pair of
nodes; computing local optimal association using dynamic
programming.

Table 1 Optimal AAQA Algorithm

Input: RDF graph G, SPARQL queries Q, the budget b, and size factor k
Output: approximate OAAQA
Step 1: QueryResults = Graph_Pattern_Matching_with_Limit (G,Q)
Step 2: Approximate OAAQA Generation
Step 2.1: local_opt_Associations = Local_OAAQA(QueryResults, b/k);
Step 2.2: Appro_OAAQA(local_opt_Associations, b);

1) Association Computation and Entropy Score Calculation
Computing associations for pairs of nodes using an algorithm
K-Solve [11] that generalizes the algebraic technique for solving
path problems discussed in [17] from a single source to
multisource algorithm. In summary, it uses a graph serialization
called a Path Sequence which is computed offline and indexed
using a B-Tree. The path sequence is used as a substrate for path
computation done as an extended type of range query. Essentially,
given a set of nodes in topological order, we can compute path
expressions (a summarized representation of path information) for

RDF
User Interface SPARQL I ;
Parser RDF
Loader
Approximate OAAQA
Generation Query Indexer
Planer .=~ Association | -
: e Generator \1—|

Local OAAQA Local OAAQA
Generation Generation
Limit
Operator
= r
Pattern
-------- . Match

Association
Generation

Association

Ranker
Query Pattern
Result Matching Graph Matcher
Cache

?

Catalog

Figure 2 Mosaic Architecture

each node s in source node set S to some destination node d by
scanning the path sequence once using K-Solve. Figure 3 shows
K-Solve algorithm and a running example for a directed graph and
its corresponding path sequence. In K-Solve, PE; (v, w;) represents
paths connecting source v; and destination w; , and the set
S',, contains the nodes in S that have been found to reach node
w;. So, each time a path expression PE; (v;, w)) is visited, the loop
at lines 5 and 8 incrementally builds the path expressions for
every element in ', either in a concatenation step (to extend
paths) or a union step (combine alternative paths to same
destination). Consider Figure 3 which depicts K-Solve running on
a path sequence for source nodes 2 and 3. The algorithm starts by
scanning the first path expression (1,2,a), then it combines
(2,1) and (1,2) using the eoperator and unions the existing path
expression for (2,2) with newly computed path expression to
form an updated path expression connecting node 2 and 2. The
steps 1 to 6 demonstrate this solving process. Note that the
algorithm applies “multi” processing from step 7 where the path
expression is (3,5, f) which satisfies the condition at line 3 in the
algorithm since 3 is one of the query nodes. Thus, the algorithm
can solve two path expressions simultaneously at each step
starting 7 during which the amount of 1/0 would have been
required if sources were solved separately. It is important to note
that the representation of path expressions is not as ordinary
strings but as an Annotated Path Expression Tree (APET) (an
abstract syntax tree in which internal nodes are operator (i.e.,
union and concatenation) nodes and leaves are labeled edges (i.e.,
properties) of the paths. The details of the algorithm can be found
in [11].

After the K-Solve step, we can extract the paths from only the
APETSs that are of interest for entropy score computation. Paths
can be extracted by traversing the APET in a depth first manner
and reconstruct paths in a bottom up fashion. We use two
Avrraylists to maintain entropy and length values for each APET.
At leaves of an APET, the entropy and length Arraylists are
initiated with a set of values obtained either directly or pre-
computed. Then, the algorithm iteratively builds the paths and
computes entropy and length values until all paths are extracted.
2) Local OAAQA Generation

After obtaining the entropy and length for each path connecting
a pair of nodes, we solve local optimal association problem by
using dynamic programming (DP). We construct an M X b’ array
for processing DP, where M is the number of all paths between
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Figure 3 K-Solve Algorithm and Demonstration

the pair of nodes. The algorithm iteratively computes the
maximum entropy for i+1 paths by using the maximum entropy
for i paths using the function
mli + 1][h] = max(m[i][h], m[i][h = [;] + €;)

where entry m[i][h] contains the maximum entropy of any subset
of paths {1,2, ..., i} of (combined) length at most h. After we
compute all the entries of this array, the array entry
m[M][b'] contains the maximum entropy of paths whose total
length is less than or equal to b'.

e Step 2.2 — Approximate OAAQA generation

Finally, we generate the approximate OAAQA by first sorting
the entropy list computed by step 2.1; then, iteratively picking top
element from the sorted entropy list and inserting it into the result
list if (1) the total length of all paths chosen is less than or equal to
global budget b; and (2) the entropy list is not empty.

5. EVALUATION

Experiment Setup We use SwetoDblp-Jan2008 [21], which is
a real world dataset about computer science publications. The
experiments were conducted on a machine with 2.33GHz Intel
Xeon and 16GB memory running on Linux, with a 2.6.18 kernel.
The detailed experimental results can be found at
http://www4.ancsu.edu/~sgao/.

5.1 Scalability Evaluation

For the scalability of OAAQA generation evaluation, a subset of
SwetoDblp consisting of 65K nodes and 80K edges was used as
evaluation testbed. We ran 12 test cases, partitioned into two
groups. One group was based on a query sequence of length 2, the
other length 3. The input sizes for each group were 10, 30, 50, 80,
150, and 230. Figure 4 shows the experiment results for the two
groups and shows that the OAAQA generation time increases
sublinearly with increasing input size. The reason is as follows.
For an input Q, K-SOLVE runs in 0(1|Q]), where [ is the number
of pre-computed path expressions. By factoring out the disk 1/0
for the |Q| nodes, during K-Solve process, we avoid doing
potentially |Q| separate disk 1/Os for each path expression leading
to an improvement in performance.

5.2 Evaluation on ratio of EI to ET

For this experiment, we measured the ratio of Extra Information
(El) to the Extra Time (ET) spent for the computation, where
El =) H(g;), g; is the top-K optimal association and ET is
OAAQA generation time. We evaluated different values of budget
b against different input sizes selected from two groups of queries
(corresponding to different areas in the graph). Results are shown
in Figure 5. For both groups, we have the general trend of

increased EI/ET ratio as budget b increases. This is expected
because we can add extra information into the budget from the
associations computed. We also see a decrease in EI/ET ratio with
increasing input sizes for all budget sizes. To understand why, we
consider the total number of associations actually found for the
different input sizes, 5 associations for N=10 and N=30, and slight
increases thereafter, 9 for N=50 and 13 for N>150. This means
that as the input sizes increases we are doing a lot of unnecessary
computation (computing associations originating from query pairs
but not terminating at query nodes) that does not contribute to the
result. So we have increased amount of time with much less
increase in amount of extra information leading to the decreasing
ratio. The results also show a spike when going from N=30 to 50.
This is because four more associations are generated from N=30
to 50 with much less increase in extra time used for OAAQA. The
spike doesn’t increase after N=50 because the additional 4
associations require much more time for the association
computation part of OAAQA (much of which is not useful)
because of the much larger number of input nodes.

5.3 Evaluation on ApproRatio

This evaluation focused on the quality of our OAAQA
approximation. It is based on a measure ApproRatio defined as a
ratio of approximate solution for our approach to exact solution,
where the exact solution is the exact optimal associations given
global budget b and the approximate solution is the optimal
associations generated by our heuristic algorithm. Figure 6 shows
the results of ApproRatio evaluation for two groups of queries
with budget b=10, 20, 40 for N=50, 150, 230. For both groups,
we find the similar trend that the ApproRatio increases with the
increase of input size. To explain why, we note that there might
exist multiple exact solutions for some given global budget and
with an increasing of the number of generated associations, the
possible number of exact solutions also increases. Consequently,
our approach has an increased probability of finding some exact
solution. Figure 6A also shows that when budget b increases the
ApproRatio also increases. Recall that our local budget is some
fraction of the global budget b. When b is small, the local budget
b’ can be very small. Considering a pair of nodes, if there are two
associations between them with length of 1 and 2, respectively,
our approximate algorithm will choose the association of length 1
as the optimal one even if the other one might be in the exact
solution. This means small budget will impact the quality of our
approximation results. However, this is not always the case.
Figure 6B shows that, for group 2, small budget generates high
ApproRatio. On close observation, we see that there are a large
number of associations that have length 1 with high entropies
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(around 50%). Thus, the probability of associations of length 1
will be included in some exact solution increases. In this case,
even if the local budget is set to one, we are still more likely to
pick the association that is in exact solution as our approximate
solution.

6. CONCLUSIONS

This paper presents a novel agglomerative querying model for
supporting multistage search process. It introduces and formalizes
the novel problem of association agglomeration query answer
over RDF databases and proposes a simple approach for
supporting computation on disk resident databases. In the future,
we plan to investigate additional optimization strategies e.g.
caching and incremental algorithms to further reduce disk 1/0 and
improve performance.
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