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Introduction

We are inundated with a large collection of RDF (Resource
Description Framework) data.

DBpedia, Uniprot, Freebase etc
A large graph and encode rich semantics

Available engines to manage RDF data?

RDBMS: Migrate RDF, e.g., Sesame, JenaSDB etc.
Generic RDF stores: e.g., RDF3X, JenaTDB etc.

[VP07] D.J. Abadi, et al. Scalable semantic web data management using vertical partitioning. In VLDB, 2007.

[HEX08] C. Weiss, et al. Hexastore: sextuple indexing for semantic web data management. In VLDB, 2008.

[RDF3X] T. Neumann, G. Weikum. RDF-3X: a RISC-style engine for RDF. In VLDB, 2008.

[SJP09] T. Neumann, G. Weikum. Scalable Join Processing on Very Large RDF Graphs. In SIGMOD, 2009.

[BM10] M. Atre, et al. Matrix ”Bit” loaded: A Scalable Lightweight Join Query Processor for RDF Data. In WWW, 2010.

[SSQ11] J. Huang, et al. Scalable SPARQL Querying of Large RDF Graphs. In VLDB, 2011.
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[MQO88][MQO90][MQO00]

SPARQL↔relational algebra [EPS08][FSR07].
Exist quite a few relational solutions for RDF store.

[MQO90] T. Sellis, et al. On the Multiple-Query Optimization Problem. In TKDE, 1990.
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Store dependent solution
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Preliminary

We foucs on two types of queries

Problem statement.

Input: a set Q of Type 1 queries and a data graph G
Output: a set of rewritten queries, QOPT of Type 1 and Type 2 queries
Requirements:

soundness and completeness: QOPT(G)≡Q (G).

cost:
Tr (Q)+Te (Qopt)

Te (Q)
≤ 1
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SELECT *
WHERE { ?x P1 ?z , ?y P2 ?z ,
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OPTIONAL {?t P3 ?x , ?t P5 v1, ?w P4 v1 }

}

?z?x

?y

P1

P2

?t

P3

P5 P3

v1 ?w
P4

Evaluated once→potential saving

(I) Structure only QOPT

OPTIONALs are evaluated on top of the common substructures

(intermediate results cached by engine).
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*Max common subquery is not selective

(II) Using cost in optimization
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• group by predicates
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Rewriting Rewriting Rewriting • Recursively rewrite a subset of type 1 queries
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Experiments

Time on rewriting
MQO-S-C: structure based rewriting

MQO-C: rewriting integrating with cost

58 / 113



Experiments

Time on rewriting
MQO-S-C: structure based rewriting

MQO-C: rewriting integrating with cost

60 80 100 120 140 160
0

0.25

0.5

0.75

1

1.25

1.5

   

T
im

e 
(s

ec
on

ds
)

 

 

MQO−S−C MQO−C

|Q|

*Costly/bad rewritings are rejected
→more rounds of comparisons.

59 / 113



Experiments

Time on distributing results
MQO-S-P: parsing results from MQO-S

MQO-P: parsing results with MQO
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increase the set of results.
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Experiments

Varying num of queries in a batch
No-MQO: no optimization

MQO-S: optimization based on structural rewriting

MQO: integrating cost
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Experiments

Varying seed size
MQO-S: optimization based on structural rewriting

MQO: integrating cost

percentage=Te (common subquery)
Te (Qopt )

× 100%
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Conclusions

In dealing RDF data on the Web, store independency is important

Combining SPARQL language and graph algorithms can achieve
MQO, i.e., by rewriting queries

Cost must be taken in consideration during rewriting
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The End

Thank You

Q and A
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Our approach
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Object: similar queries can be optimized together in rewriting

Represent each query as a set of predicates.

Measure the similarity of a pair of queries by set similarity

Grouping: k-means
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Rewrite pairs of queries bottom up

Pair up queries with max Jaccard similarity

qa qb qc qd . . . . . . . . . . . . qr qs

qab qcd

qabcd
rewrite

Rewriting → finding maximal common triple patterns

In the language of graph . . .
[CLQ01] I. Koch. Enumerating all connected maximal common subgraphs in two graphs. In Theoretical Computer Science, 2001.

maximal common connected edge subgraphs
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Our approach

Find maximal cliques in the product graph [CLQ02][CLQ03]
[CLQ02] Patric R.J. Österg̊ard. A fast algorithm for the maximum clique problem. In Discrete Applied Mathematics, 2002.

[CLQ03] E. Tomita et al. An efficient branch-and-bound algorithm for finding a maximum clique. In Discrete Mathematics and
Theoretical Computer Science, LNCS, 2003.

Integrate cost into rewriting

Structure: maximize size of the common subquery in a rewriting
Evaluation on cost: guard against bad rewritings
Measure: min selectivity in the common subquery for approximation
Cost: discard bad rewritings, keep good ones in hierarchical rewriting
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Our approach

Related issues

Distributing results, i.e., Type 2 query→Type 1 queries
RD of a Type 1 query

↑↓
columns from results of the Type 2 rewriting

Soundness and completeness

Extensibility of the solution: more general queries

handle variable predicates
nested OPTIONALs

110 / 113



Our approach

Related issues

Distributing results, i.e., Type 2 query→Type 1 queries

name mail hpage

”Alice” alice@home http://home/alice
”Alice” alice@work http://home/alice
”Bob”
”Ella” http://work/ella

RD of a Type 1 query

↑↓
columns from results of the Type 2 rewriting

Soundness and completeness

Extensibility of the solution: more general queries

handle variable predicates
nested OPTIONALs

111 / 113



Our approach

Related issues

Distributing results, i.e., Type 2 query→Type 1 queries

name mail hpage

”Alice” alice@home http://home/alice
”Alice” alice@work http://home/alice
”Bob”
”Ella” http://work/ella

RD of a Type 1 query

↑↓
columns from results of the Type 2 rewriting

Soundness and completeness

Extensibility of the solution: more general queries

handle variable predicates
nested OPTIONALs

112 / 113



Our approach

Related issues

Distributing results, i.e., Type 2 query→Type 1 queries

name mail hpage

”Alice” alice@home http://home/alice
”Alice” alice@work http://home/alice
”Bob”
”Ella” http://work/ella

RD of a Type 1 query

↑↓
columns from results of the Type 2 rewriting

Soundness and completeness

Extensibility of the solution: more general queries

handle variable predicates
nested OPTIONALs

113 / 113


	Introduction
	Preliminary
	Our approach
	Experiments
	Conclusions

