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Mo-va-on:	
  

•  The	
  vision	
  of	
  the	
  Seman6c	
  Web	
  is	
  to	
  allow	
  everybody	
  to	
  
publish	
  linked,	
  machine-­‐readable,	
  data.	
  

	
  
•  RDF	
  is	
  the	
  standard	
  data	
  model	
  for	
  this	
  vision.	
  
	
  
•  Most	
  exis6ng	
  RDF	
  stores	
  suffer	
  from	
  either	
  scalability	
  issues	
  

or	
  a	
  specializa6on	
  of	
  their	
  architecture	
  for	
  special-­‐type	
  
queries,	
  or	
  both.	
  

	
  
•  There	
  is	
  a	
  need	
  for	
  an	
  RDF	
  storage	
  scheme	
  that	
  uses	
  the	
  

triple	
  nature	
  of	
  RDF	
  as	
  an	
  asset	
  to	
  overcome	
  the	
  above	
  
limita6ons.	
  



Overview:	
  

•  The	
  proposed	
  framework	
  is	
  based	
  on	
  the	
  idea	
  of	
  indexing	
  
the	
  RDF	
  data	
  in	
  six	
  possible	
  ways,	
  one	
  for	
  each	
  possible	
  
ordering	
  of	
  the	
  three	
  RDF	
  elements;	
  3!	
  =6.	
  

•  This	
  format	
  allows	
  for	
  quick	
  and	
  scalable	
  general-­‐purpose	
  
query	
  processing.	
  

•  It	
  offers	
  up	
  to	
  five	
  orders	
  of	
  magnitude	
  performance	
  
improvement	
  compared	
  to	
  previous	
  approaches.	
  

•  But,	
  at	
  the	
  price	
  of	
  a	
  worst-­‐case	
  five-­‐fold	
  increase	
  in	
  index	
  
space.	
  



Previous	
  Approaches:	
  	
  

•  Rela6onal-­‐based	
  approaches:	
  

o  U6lize	
  tradi6onal	
  rela6onal	
  database	
  as	
  a	
  backend	
  (Jena,	
  IBM,	
  
Oracle,	
  3Store,…etc).	
  	
  

	
  
o  Statement-­‐based	
  queries	
  can	
  be	
  sa6sfactorily	
  processed	
  by	
  such	
  
systems.	
  (A	
  statement-­‐based	
  query	
  lacks	
  one	
  or	
  two	
  parts	
  of	
  a	
  
triple)	
  

o  RDF	
  triples	
  were	
  tradi6onally	
  stored	
  in	
  a	
  giant	
  triples	
  table,	
  
causing	
  serious	
  scalability	
  problems.	
  

o  Recent	
  approaches	
  tries	
  to	
  construct	
  tables	
  that	
  gathered	
  many	
  
proper6es	
  together	
  as	
  aWributes.	
  (example	
  next…)	
  



Example	
  (IBM):	
  
(Charles Flint, born, 1850)
(Charles Flint, died, 1934)
(Charles Flint, founder, IBM)
(Larry Page, born, 1973)
(Larry Page, founder, Google)
(Larry Page, board, Google)
(Larry Page, home, Palo Alto)
(Android, developer, Google)
(Android, version, 4.1)
(Android, kernel, Linux)
(Android, preceded, 4.0)
. . .

(Android, graphics, OpenGL)
(Google, industry, Software)
(Google, industry, Internet)
(Google, employees, 54,604)
(Google, HQ, Mountain View)
(IBM, industry, Software)
(IBM, industry, Hardware)
(IBM, industry, Services)
(IBM, employees, 433,362)
(IBM, HQ, Armonk)

(a) Sample DBpedia data

entry spill pred1 val1 pred2 val2 pred3 val3 . . . pred
k

val
k

Charles Flint 0 died 1934 born 1850 founder IBM . . . null null
Larry Page 0 board Google born 1973 founder Google . . . home Palo Alto
Android 1 developer Google version 4.1 kernel Linux . . . preceded 4.0
Android 1 null null null null graphics OpenGL . . . null null
Google 0 industry lid:1 employees 54,604 null null . . . HQ Mtn View
IBM 0 industry lid:2 employees 433,362 null null . . . HQ Armonk

(b) Direct Primary Hash (DPH)

l_id elm
lid:1 Software
lid:1 Internet
lid:2 Software
lid:2 Hardware
lid:2 Services

(c) Direct Secondary Hash (DS)

entry spill pred1 val1 . . . pred
k

0 val
k

0
1850 0 born Charles Flint . . . null null
1973 0 born Larry Page . . . null null
1934 0 null null . . . died Charles Flint
IBM 0 null null . . . founder Charles Flint

. . .

Software 0 industry lid:3 . . . null null
Hardware 0 industry lid:4 . . . null null

(d) Reverse Primary Hash (RPH)

l_id elm
lid:3 IBM
lid:3 Google
lid:4 IBM
lid:4 Google

(e) Reverse
Secondary
Hash (RS)

Figure 1: Sample DBpedia RDF data and the corresponding DB2RDF schema

Predicate Set Freq.
SV1 SV2 SV3 SV4 .01MV1 MV2 MV3 MV4

SV1 SV2 SV3 .24MV1 MV2 MV3

SV1 SV3 SV4 .25MV1 MV3 MV4

SV2 SV3 SV4 .25MV2 MV3 MV4

SV1 SV2 SV4 .24MV1 MV2 MV4

SV5 SV6 SV7 SV8 .01

Table 1: Micro-Bench
Characteristics

Query Star query predicate set Results
Q1 SV1 SV2 SV3 SV4 938
Q2 MV2 MV2 MV3 MV4 10313

Q3 SV1 10313MV1 MV2 MV3 MV4

Q4 SV1 SV2 10313MV1 MV2 MV3 MV4

Q5 SV1 SV2 SV3 10313MV1 MV2 MV3 MV4

Q6 SV1 SV2 SV3 SV4 10313MV1 MV2 MV3 MV4

Q7 SV5 2500
Q8 SV5 SV6 2500
Q9 SV5 SV6 SV7 2500
Q10 SV5 SV6 SV7 SV8 2500

Table 2: Micro-Bench Queries

Primary Hash (RPH) and the Reverse Secondary Hash (RS), with
samples shown in Figures 1(d) and (e).

Advantages of DB2RDF Layout.
An advantage of the DB2RDF schema is the elimination of joins

in star queries (i.e., queries that ask for multiple predicates for the
same subject or object). Star queries are quite common in SPARQL
workloads, and complex SPARQL queries frequently contain sub-
graphs that are stars. Star queries can involve purely single valued
predicates, purely multi-valued predicates, or a mix of both. While
for single valued predicates the DB2RDF layout reduces star query
processing to a single row lookup in the DPH relation, processing
of multi-valued or mixed stars requires additional joins with DS
relation. It is unclear how these additional joins impact the perfor-
mance of DB2RDF when compared to the other types of storage.

To this end, we designed a micro benchmark that contrasts query
processing in DB2RDF with the triple-store and predicate-oriented
approaches1. The benchmark has 1M RDF triples with the char-
acteristics defined in Table 1. Each table row represents a predi-
cate set along with its relative frequency distribution in the data.
So, subjects with the predicate set {SV1, SV2, SV3, SV4, MV1,
MV2, MV3, MV4 } (first table row) constituted 1% of the 1 million
dataset. The predicates SV1 to SV8 were all single valued, whereas
MV1 to MV4 were multi-valued. The predicate sets are such that
a single valued star query for SV1, SV2, SV3 and SV4 is highly se-
lective but only when all four predicates are involved in the query.

1We omitted the type-oriented approach because for this micro-benchmark it is similar
to the entity-oriented approach.

SELECT ?s WHERE { ?s SV1 ?o1 . ?s SV2 ?o2 . ?s SV3 ?o3 . ?s SV4 ?o4 }

(a) SPARQL for Q1

SELECT T.entry FROM DPH AS T
WHERE T.PRED0=’SV1 ’ AND T.PRED1=’SV2 ’ AND T.PRED2=’SV3 ’ AND T.PRED3=’SV4 ’

(b) Entity-oriented SQL

SELECT T1.SUBJ FROM TRIPLE AS T1, TRIPLE AS T2, TRIPLE AS T3, TRIPLE AS T4
WHERE T1.PRED=’SV1 ’ AND T2.PRED=’SV2 ’ AND T3.PRED=’SV3 ’ AND T4.PRED=’SV4 ’ AND

T1.SUBJ = T2.SUBJ AND T2.SUBJ = T3.SUBJ AND T3.SUBJ = T4.SUBJ

(c) Triple-store SQL

SELECT SV1.ENTRY FROM COL_SV1 AS SV1, COL_SV2 AS SV2, COL_SV3 AS SV3, COL_SV4 AS SV4
WHERE SV1.ENTRY = SV2.ENTRY AND SV2.ENTRY = SV3.ENTRY AND SV3.ENTRY = SV4.ENTRY

(d) Predicate-oriented SQL

Figure 2: SPARQL and SQL queries for Q1

The predicates by themselves are not selective. Similarly, a multi-
valued star query for MV1, MV2, MV3 and MV4 is selective, but
only if it involves all four predicates. We also consider a set of se-
lective single valued predicates (SV5 to SV8) to separately examine
the effects of changing the size of a highly selective single valued
star on query processing, while keeping the result set size constant.

Table 2 shows the predicate sets used to construct star queries.
Figure 2(a) shows the SPARQL star query corresponding to the pred-
icate set for Q1 in Table 2. For each constructed SPARQL query, we
generated three SQL queries, one for each of the DB2RDF, triple-
store, and predicate-oriented approaches (see Figure 2 for the SQL
queries corresponding to Q1). In all three cases, we only index
subjects, since the queries only join subjects. Q1 examines sin-
gle valued star query processing. As shown in Figure 3, for Q1
DB2RDF was 12X faster than the triple-store, and 3X faster than
the predicate-oriented store (78, 940, and 237 ms respectively).
Q2 data shows that this result extends to multi-valued predicates,
because of the selectivity gain. DB2RDF outperformed the triple-
store by 9X and the predicate-oriented store by 4X (124, 1109 and
426 ms respectively). Q3-Q6 show that the result extends to mixed
stars of single and multi-valued predicates, with query times signif-
icantly worsening with increased number of conjuncts in the query
for the triple-store (1287-1850 ms), while times in the predicate-
oriented store show noticeable increases (514-614 ms). In contrast,
DB2RDF query times are stable (131-139 ms). Q7-Q10 show a
similar trend in the single valued star query case, when any one of
the predicates in the star is selective (66-73 ms for DB2RDF, 203-
249 for triple-store, and 2-6 ms in the predicate-oriented store).
When each predicate involved in the star was highly selective,
the predicate-oriented store outperformed DB2RDF. However,
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Table 2: Micro-Bench Queries

Primary Hash (RPH) and the Reverse Secondary Hash (RS), with
samples shown in Figures 1(d) and (e).

Advantages of DB2RDF Layout.
An advantage of the DB2RDF schema is the elimination of joins

in star queries (i.e., queries that ask for multiple predicates for the
same subject or object). Star queries are quite common in SPARQL
workloads, and complex SPARQL queries frequently contain sub-
graphs that are stars. Star queries can involve purely single valued
predicates, purely multi-valued predicates, or a mix of both. While
for single valued predicates the DB2RDF layout reduces star query
processing to a single row lookup in the DPH relation, processing
of multi-valued or mixed stars requires additional joins with DS
relation. It is unclear how these additional joins impact the perfor-
mance of DB2RDF when compared to the other types of storage.

To this end, we designed a micro benchmark that contrasts query
processing in DB2RDF with the triple-store and predicate-oriented
approaches1. The benchmark has 1M RDF triples with the char-
acteristics defined in Table 1. Each table row represents a predi-
cate set along with its relative frequency distribution in the data.
So, subjects with the predicate set {SV1, SV2, SV3, SV4, MV1,
MV2, MV3, MV4 } (first table row) constituted 1% of the 1 million
dataset. The predicates SV1 to SV8 were all single valued, whereas
MV1 to MV4 were multi-valued. The predicate sets are such that
a single valued star query for SV1, SV2, SV3 and SV4 is highly se-
lective but only when all four predicates are involved in the query.

1We omitted the type-oriented approach because for this micro-benchmark it is similar
to the entity-oriented approach.

SELECT ?s WHERE { ?s SV1 ?o1 . ?s SV2 ?o2 . ?s SV3 ?o3 . ?s SV4 ?o4 }

(a) SPARQL for Q1

SELECT T.entry FROM DPH AS T
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SELECT SV1.ENTRY FROM COL_SV1 AS SV1, COL_SV2 AS SV2, COL_SV3 AS SV3, COL_SV4 AS SV4
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(d) Predicate-oriented SQL

Figure 2: SPARQL and SQL queries for Q1

The predicates by themselves are not selective. Similarly, a multi-
valued star query for MV1, MV2, MV3 and MV4 is selective, but
only if it involves all four predicates. We also consider a set of se-
lective single valued predicates (SV5 to SV8) to separately examine
the effects of changing the size of a highly selective single valued
star on query processing, while keeping the result set size constant.

Table 2 shows the predicate sets used to construct star queries.
Figure 2(a) shows the SPARQL star query corresponding to the pred-
icate set for Q1 in Table 2. For each constructed SPARQL query, we
generated three SQL queries, one for each of the DB2RDF, triple-
store, and predicate-oriented approaches (see Figure 2 for the SQL
queries corresponding to Q1). In all three cases, we only index
subjects, since the queries only join subjects. Q1 examines sin-
gle valued star query processing. As shown in Figure 3, for Q1
DB2RDF was 12X faster than the triple-store, and 3X faster than
the predicate-oriented store (78, 940, and 237 ms respectively).
Q2 data shows that this result extends to multi-valued predicates,
because of the selectivity gain. DB2RDF outperformed the triple-
store by 9X and the predicate-oriented store by 4X (124, 1109 and
426 ms respectively). Q3-Q6 show that the result extends to mixed
stars of single and multi-valued predicates, with query times signif-
icantly worsening with increased number of conjuncts in the query
for the triple-store (1287-1850 ms), while times in the predicate-
oriented store show noticeable increases (514-614 ms). In contrast,
DB2RDF query times are stable (131-139 ms). Q7-Q10 show a
similar trend in the single valued star query case, when any one of
the predicates in the star is selective (66-73 ms for DB2RDF, 203-
249 for triple-store, and 2-6 ms in the predicate-oriented store).
When each predicate involved in the star was highly selective,
the predicate-oriented store outperformed DB2RDF. However,
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	
  Separate	
  table	
  for	
  mul6-­‐valued	
  proper6es.	
  



Example	
  (IBM):	
  

•  “However,	
  imposing	
  structure	
  where	
  it	
  does	
  not	
  
naturally	
  exist	
  results	
  into	
  sparse	
  representa3on	
  with	
  
many	
  NULL	
  values	
  in	
  the	
  formed	
  property	
  tables.”	
  	
  

(Charles Flint, born, 1850)
(Charles Flint, died, 1934)
(Charles Flint, founder, IBM)
(Larry Page, born, 1973)
(Larry Page, founder, Google)
(Larry Page, board, Google)
(Larry Page, home, Palo Alto)
(Android, developer, Google)
(Android, version, 4.1)
(Android, kernel, Linux)
(Android, preceded, 4.0)
. . .

(Android, graphics, OpenGL)
(Google, industry, Software)
(Google, industry, Internet)
(Google, employees, 54,604)
(Google, HQ, Mountain View)
(IBM, industry, Software)
(IBM, industry, Hardware)
(IBM, industry, Services)
(IBM, employees, 433,362)
(IBM, HQ, Armonk)

(a) Sample DBpedia data

entry spill pred1 val1 pred2 val2 pred3 val3 . . . pred
k

val
k

Charles Flint 0 died 1934 born 1850 founder IBM . . . null null
Larry Page 0 board Google born 1973 founder Google . . . home Palo Alto
Android 1 developer Google version 4.1 kernel Linux . . . preceded 4.0
Android 1 null null null null graphics OpenGL . . . null null
Google 0 industry lid:1 employees 54,604 null null . . . HQ Mtn View
IBM 0 industry lid:2 employees 433,362 null null . . . HQ Armonk

(b) Direct Primary Hash (DPH)

l_id elm
lid:1 Software
lid:1 Internet
lid:2 Software
lid:2 Hardware
lid:2 Services

(c) Direct Secondary Hash (DS)

entry spill pred1 val1 . . . pred
k

0 val
k

0
1850 0 born Charles Flint . . . null null
1973 0 born Larry Page . . . null null
1934 0 null null . . . died Charles Flint
IBM 0 null null . . . founder Charles Flint

. . .

Software 0 industry lid:3 . . . null null
Hardware 0 industry lid:4 . . . null null

(d) Reverse Primary Hash (RPH)

l_id elm
lid:3 IBM
lid:3 Google
lid:4 IBM
lid:4 Google

(e) Reverse
Secondary
Hash (RS)

Figure 1: Sample DBpedia RDF data and the corresponding DB2RDF schema

Predicate Set Freq.
SV1 SV2 SV3 SV4 .01MV1 MV2 MV3 MV4

SV1 SV2 SV3 .24MV1 MV2 MV3

SV1 SV3 SV4 .25MV1 MV3 MV4

SV2 SV3 SV4 .25MV2 MV3 MV4

SV1 SV2 SV4 .24MV1 MV2 MV4

SV5 SV6 SV7 SV8 .01

Table 1: Micro-Bench
Characteristics

Query Star query predicate set Results
Q1 SV1 SV2 SV3 SV4 938
Q2 MV2 MV2 MV3 MV4 10313

Q3 SV1 10313MV1 MV2 MV3 MV4

Q4 SV1 SV2 10313MV1 MV2 MV3 MV4

Q5 SV1 SV2 SV3 10313MV1 MV2 MV3 MV4

Q6 SV1 SV2 SV3 SV4 10313MV1 MV2 MV3 MV4

Q7 SV5 2500
Q8 SV5 SV6 2500
Q9 SV5 SV6 SV7 2500
Q10 SV5 SV6 SV7 SV8 2500

Table 2: Micro-Bench Queries

Primary Hash (RPH) and the Reverse Secondary Hash (RS), with
samples shown in Figures 1(d) and (e).

Advantages of DB2RDF Layout.
An advantage of the DB2RDF schema is the elimination of joins

in star queries (i.e., queries that ask for multiple predicates for the
same subject or object). Star queries are quite common in SPARQL
workloads, and complex SPARQL queries frequently contain sub-
graphs that are stars. Star queries can involve purely single valued
predicates, purely multi-valued predicates, or a mix of both. While
for single valued predicates the DB2RDF layout reduces star query
processing to a single row lookup in the DPH relation, processing
of multi-valued or mixed stars requires additional joins with DS
relation. It is unclear how these additional joins impact the perfor-
mance of DB2RDF when compared to the other types of storage.

To this end, we designed a micro benchmark that contrasts query
processing in DB2RDF with the triple-store and predicate-oriented
approaches1. The benchmark has 1M RDF triples with the char-
acteristics defined in Table 1. Each table row represents a predi-
cate set along with its relative frequency distribution in the data.
So, subjects with the predicate set {SV1, SV2, SV3, SV4, MV1,
MV2, MV3, MV4 } (first table row) constituted 1% of the 1 million
dataset. The predicates SV1 to SV8 were all single valued, whereas
MV1 to MV4 were multi-valued. The predicate sets are such that
a single valued star query for SV1, SV2, SV3 and SV4 is highly se-
lective but only when all four predicates are involved in the query.

1We omitted the type-oriented approach because for this micro-benchmark it is similar
to the entity-oriented approach.

SELECT ?s WHERE { ?s SV1 ?o1 . ?s SV2 ?o2 . ?s SV3 ?o3 . ?s SV4 ?o4 }

(a) SPARQL for Q1

SELECT T.entry FROM DPH AS T
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(b) Entity-oriented SQL
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(c) Triple-store SQL

SELECT SV1.ENTRY FROM COL_SV1 AS SV1, COL_SV2 AS SV2, COL_SV3 AS SV3, COL_SV4 AS SV4
WHERE SV1.ENTRY = SV2.ENTRY AND SV2.ENTRY = SV3.ENTRY AND SV3.ENTRY = SV4.ENTRY

(d) Predicate-oriented SQL

Figure 2: SPARQL and SQL queries for Q1

The predicates by themselves are not selective. Similarly, a multi-
valued star query for MV1, MV2, MV3 and MV4 is selective, but
only if it involves all four predicates. We also consider a set of se-
lective single valued predicates (SV5 to SV8) to separately examine
the effects of changing the size of a highly selective single valued
star on query processing, while keeping the result set size constant.

Table 2 shows the predicate sets used to construct star queries.
Figure 2(a) shows the SPARQL star query corresponding to the pred-
icate set for Q1 in Table 2. For each constructed SPARQL query, we
generated three SQL queries, one for each of the DB2RDF, triple-
store, and predicate-oriented approaches (see Figure 2 for the SQL
queries corresponding to Q1). In all three cases, we only index
subjects, since the queries only join subjects. Q1 examines sin-
gle valued star query processing. As shown in Figure 3, for Q1
DB2RDF was 12X faster than the triple-store, and 3X faster than
the predicate-oriented store (78, 940, and 237 ms respectively).
Q2 data shows that this result extends to multi-valued predicates,
because of the selectivity gain. DB2RDF outperformed the triple-
store by 9X and the predicate-oriented store by 4X (124, 1109 and
426 ms respectively). Q3-Q6 show that the result extends to mixed
stars of single and multi-valued predicates, with query times signif-
icantly worsening with increased number of conjuncts in the query
for the triple-store (1287-1850 ms), while times in the predicate-
oriented store show noticeable increases (514-614 ms). In contrast,
DB2RDF query times are stable (131-139 ms). Q7-Q10 show a
similar trend in the single valued star query case, when any one of
the predicates in the star is selective (66-73 ms for DB2RDF, 203-
249 for triple-store, and 2-6 ms in the predicate-oriented store).
When each predicate involved in the star was highly selective,
the predicate-oriented store outperformed DB2RDF. However,
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Google 0 industry lid:1 employees 54,604 null null . . . HQ Mtn View
IBM 0 industry lid:2 employees 433,362 null null . . . HQ Armonk

(b) Direct Primary Hash (DPH)

l_id elm
lid:1 Software
lid:1 Internet
lid:2 Software
lid:2 Hardware
lid:2 Services

(c) Direct Secondary Hash (DS)

entry spill pred1 val1 . . . pred
k

0 val
k

0
1850 0 born Charles Flint . . . null null
1973 0 born Larry Page . . . null null
1934 0 null null . . . died Charles Flint
IBM 0 null null . . . founder Charles Flint

. . .

Software 0 industry lid:3 . . . null null
Hardware 0 industry lid:4 . . . null null

(d) Reverse Primary Hash (RPH)

l_id elm
lid:3 IBM
lid:3 Google
lid:4 IBM
lid:4 Google

(e) Reverse
Secondary
Hash (RS)

Figure 1: Sample DBpedia RDF data and the corresponding DB2RDF schema

Predicate Set Freq.
SV1 SV2 SV3 SV4 .01MV1 MV2 MV3 MV4

SV1 SV2 SV3 .24MV1 MV2 MV3

SV1 SV3 SV4 .25MV1 MV3 MV4

SV2 SV3 SV4 .25MV2 MV3 MV4

SV1 SV2 SV4 .24MV1 MV2 MV4

SV5 SV6 SV7 SV8 .01

Table 1: Micro-Bench
Characteristics

Query Star query predicate set Results
Q1 SV1 SV2 SV3 SV4 938
Q2 MV2 MV2 MV3 MV4 10313

Q3 SV1 10313MV1 MV2 MV3 MV4

Q4 SV1 SV2 10313MV1 MV2 MV3 MV4

Q5 SV1 SV2 SV3 10313MV1 MV2 MV3 MV4

Q6 SV1 SV2 SV3 SV4 10313MV1 MV2 MV3 MV4

Q7 SV5 2500
Q8 SV5 SV6 2500
Q9 SV5 SV6 SV7 2500
Q10 SV5 SV6 SV7 SV8 2500

Table 2: Micro-Bench Queries

Primary Hash (RPH) and the Reverse Secondary Hash (RS), with
samples shown in Figures 1(d) and (e).

Advantages of DB2RDF Layout.
An advantage of the DB2RDF schema is the elimination of joins

in star queries (i.e., queries that ask for multiple predicates for the
same subject or object). Star queries are quite common in SPARQL
workloads, and complex SPARQL queries frequently contain sub-
graphs that are stars. Star queries can involve purely single valued
predicates, purely multi-valued predicates, or a mix of both. While
for single valued predicates the DB2RDF layout reduces star query
processing to a single row lookup in the DPH relation, processing
of multi-valued or mixed stars requires additional joins with DS
relation. It is unclear how these additional joins impact the perfor-
mance of DB2RDF when compared to the other types of storage.

To this end, we designed a micro benchmark that contrasts query
processing in DB2RDF with the triple-store and predicate-oriented
approaches1. The benchmark has 1M RDF triples with the char-
acteristics defined in Table 1. Each table row represents a predi-
cate set along with its relative frequency distribution in the data.
So, subjects with the predicate set {SV1, SV2, SV3, SV4, MV1,
MV2, MV3, MV4 } (first table row) constituted 1% of the 1 million
dataset. The predicates SV1 to SV8 were all single valued, whereas
MV1 to MV4 were multi-valued. The predicate sets are such that
a single valued star query for SV1, SV2, SV3 and SV4 is highly se-
lective but only when all four predicates are involved in the query.

1We omitted the type-oriented approach because for this micro-benchmark it is similar
to the entity-oriented approach.

SELECT ?s WHERE { ?s SV1 ?o1 . ?s SV2 ?o2 . ?s SV3 ?o3 . ?s SV4 ?o4 }

(a) SPARQL for Q1

SELECT T.entry FROM DPH AS T
WHERE T.PRED0=’SV1 ’ AND T.PRED1=’SV2 ’ AND T.PRED2=’SV3 ’ AND T.PRED3=’SV4 ’

(b) Entity-oriented SQL

SELECT T1.SUBJ FROM TRIPLE AS T1, TRIPLE AS T2, TRIPLE AS T3, TRIPLE AS T4
WHERE T1.PRED=’SV1 ’ AND T2.PRED=’SV2 ’ AND T3.PRED=’SV3 ’ AND T4.PRED=’SV4 ’ AND

T1.SUBJ = T2.SUBJ AND T2.SUBJ = T3.SUBJ AND T3.SUBJ = T4.SUBJ

(c) Triple-store SQL

SELECT SV1.ENTRY FROM COL_SV1 AS SV1, COL_SV2 AS SV2, COL_SV3 AS SV3, COL_SV4 AS SV4
WHERE SV1.ENTRY = SV2.ENTRY AND SV2.ENTRY = SV3.ENTRY AND SV3.ENTRY = SV4.ENTRY

(d) Predicate-oriented SQL

Figure 2: SPARQL and SQL queries for Q1

The predicates by themselves are not selective. Similarly, a multi-
valued star query for MV1, MV2, MV3 and MV4 is selective, but
only if it involves all four predicates. We also consider a set of se-
lective single valued predicates (SV5 to SV8) to separately examine
the effects of changing the size of a highly selective single valued
star on query processing, while keeping the result set size constant.

Table 2 shows the predicate sets used to construct star queries.
Figure 2(a) shows the SPARQL star query corresponding to the pred-
icate set for Q1 in Table 2. For each constructed SPARQL query, we
generated three SQL queries, one for each of the DB2RDF, triple-
store, and predicate-oriented approaches (see Figure 2 for the SQL
queries corresponding to Q1). In all three cases, we only index
subjects, since the queries only join subjects. Q1 examines sin-
gle valued star query processing. As shown in Figure 3, for Q1
DB2RDF was 12X faster than the triple-store, and 3X faster than
the predicate-oriented store (78, 940, and 237 ms respectively).
Q2 data shows that this result extends to multi-valued predicates,
because of the selectivity gain. DB2RDF outperformed the triple-
store by 9X and the predicate-oriented store by 4X (124, 1109 and
426 ms respectively). Q3-Q6 show that the result extends to mixed
stars of single and multi-valued predicates, with query times signif-
icantly worsening with increased number of conjuncts in the query
for the triple-store (1287-1850 ms), while times in the predicate-
oriented store show noticeable increases (514-614 ms). In contrast,
DB2RDF query times are stable (131-139 ms). Q7-Q10 show a
similar trend in the single valued star query case, when any one of
the predicates in the star is selective (66-73 ms for DB2RDF, 203-
249 for triple-store, and 2-6 ms in the predicate-oriented store).
When each predicate involved in the star was highly selective,
the predicate-oriented store outperformed DB2RDF. However,
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given that the nodeoid index is sorted lexographically. Table
1 shows the nodeoid index created for the example graph
provided by Figure 1.

Key Value
“Andreas Harth” 3
“Stefan” 14
“Stefan Decker” 11
<http://www.harth.org/andreas/#me> 1
<http://decker.cn/stefan/> 10
<http://sw.deri.org/˜aharth/foaf.rdf> 4
<http://www.deri.org/> 8
<http://www.isi.edu/˜stefan/foaf.rdf> 12
<http://xmlns.com/foaf/0.1/firstName> 13
<http://xmlns.com/foaf/0.1/knows> 9
<http://xmlns.com/foaf/0.1/mbox> 5
<http://xmlns.com/foaf/0.1/name> 2
<http://xmlns.com/foaf/0.1/workplaceHomepage> 7
<mailto:andreas.harth@deri.org> 6
<mailto:stefan.decker@deri.org> 15

Table 1: OIDs for the node values in the example dataset in
the nodeoid index

3.1.2 Keyword Index

The prevalent type of queries used today to explore Web
data are keyword queries. To speed up these type of queries,
the lexicon keeps an inverted index on string literals to al-
low for fast full-text searches. Each literal is tokenized into
words. Each word represents a key in the index, with a
sorted list of OIDs as occurrences. Table 2 shows such an
index constructed for the example. We use the full list stor-
age scheme as described in [15], but keep OIDs instead of
document identifiers for the hitlist. Keeping the number of
hits helps to determine join ordering during query process-
ing.

Key No of hits List of hits
“Andreas” 1 3
“Decker” 1 11
“Harth” 1 3
“Stefan” 2 11,13

Table 2: Keyword/hitlist pairs for literals in the inverted text
index.

3.2 Quad Indexes
The following section shows that we only need a restricted
number of indexes to cover all possible access patterns for
RDF data.

3.2.1 Access Patterns

We want to avoid expensive joins whenever possible. Thus,
we need an index that allows to lookup any combination of
s, p, o, c directly rather than joining the results from lookups
in multiple indexes.
The quad indexes are based on the notion of access pat-

terns.

Definition 3.1 (Access Pattern) An access pattern is a quad
where any combination of s, p, o, c is either specified or a
variable.

For example, an access pattern could be a quad where
only s is specified, and p, o, and c are variables. The access
pattern (s:?:?:?) denotes all quads where the subject equals
to s, whereas the other nodes have unspecified value. To
compute the total number of access patterns we just have to
consider that for each element of the quad (4) there exist 2
possibilities (either a node is specified, or it is a variable).
Therefore the total number of access patterns is 2 ∗ 2 ∗ 2 ∗
2 = 16. Table 3 shows all possible access patterns for quad
lookups.

No Access pattern No Access pattern
1 (?:?:?:?) 9 (s:?:o:c)
2 (s:?:?:?) 10 (?:?:o:c)
3 (s:p:?:?) 11 (?:?:o:?)
4 (s:p:o:?) 12 (?:?:?:c)
5 (s:p:o:c) 13 (s:?:?:c)
6 (?:p:?:?) 14 (s:p:?:c)
7 (?:p:o:?) 15 (?:p:?:c)
8 (?:p:o:c) 16 (s:?:o:?)

Table 3: Possible quad patterns; in total, there are 16 differ-
ent patterns to cover all possible access combinations.

A naive implementation of a complete index on quads
would need 16 indexes, one for each access pattern. Imple-
menting a complete index in the naive way is prohibitively
expensive in terms of index construction time and storage
utilization. In the next section we show how we can cover
all access patterns with just six indexes.

3.2.2 Combined Indexes

To reduce the number of indexes needed, we leverage the
fact that B+-tree provide support for range or prefix queries.
A combined index on s, p, o, and c for a quad (s, p, o, c)
is able to support queries for access patterns 1 through 5
in Table 3. For example, a lookup for the access pattern
(s:p:?:?) resolves to a prefix query for s and p on the spoc
index. Therefore, we do not need to keep a separate index
of s and p but can reuse the spoc index.
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tables. They cannot be included with the other attributes in
the same table unless they are represented using list, set,
or bag attributes. However, this requires an object-relational
DBMS, results in variable width attributes, and complicates
the expression of queries over these attributes.

In summary, while property tables can significantly
improve performance by reducing the number of self-joins
and typing attributes, they introduce complexity by requir-
ing property clustering to be carefully done to create property
tables that are not too wide, while still being wide enough to
answer most queries directly. Ubiquitous multi-valued attri-
butes cause further complexity.

3 A simpler alternative

We now look at an alternative to the property table solution to
speed up queries over a triple-store. In Sect. 3.1, we discuss
the vertically partitioned approach to storing RDF triples. We
then look at how we extended a column-oriented DBMS to
implement this approach in Sect. 3.2.

3.1 Vertically partitioned approach

We propose storage of RDF data using a fully decomposed
storage model (DSM) [20], a performance enhancing tech-
nique that has proven to be useful in a variety of applications
including data warehousing [2], biomedical data [21], and
in the context of RDF/S, for taxonomic data [9,47]. The tri-
ples table is rewritten into n two-column tables where n is
the number of unique properties in the data. In each of these
tables, the first column contains the subjects that define that
property and the second column contains the object values
for those subjects. For example, the triples table from Table
1a would be stored as:

Type
ID1 BookType
ID2 CDType
ID3 BookType
ID4 DVDType
ID5 CDType
ID6 BookType

Author
ID1 “Fox, Joe”

Title
ID1 “XYZ”
ID2 “ABC”
ID3 “MNO”
ID4 “DEF”
ID5 “GHI”

Artist
ID2 “Orr, Tim”

Copyright
ID1 “2001”
ID2 “1985”
ID5 “1995”
ID6 “2004”

Language
ID2 “French”
ID3 “English”

Each table is sorted by subject, so that particular subjects
can be located quickly, and that fast merge joins can be used
to reconstruct information about multiple properties for sub-
sets of subjects. The value column for each table can also
be optionally indexed (or a second copy of the table can be
created, that is clustered on the value column).

The advantages of this approach (relative to the property
table approach) are:

Support for multi-valued attributes. A multi-valued attri-
bute is not problematic in the decomposed storage model.

If a subject has more than one object value for a particular
property, then each distinct value is listed in a successive row
in the table for that property. For example, if ID1 had two
authors in the example above, the table would look like:

Author
ID1 “Fox, Joe”
ID1 “Green, John”

Support for heterogeneous records. Subjects that do not
define a particular property are simply omitted from the table
for that property. In the example above, author is only defined
for one subject (ID1) so the table can be kept small (NULL
data need not be explicitly stored). The advantage becomes
increasingly important when the data is not well structured.

Only those properties accessed by a query need to be read.
I/O costs can be substantially reduced.

No clustering algorithms are needed. This point is the basis
behind our claim that the vertically partitioned approach is
simpler than the property table approach. While property
tables need to be carefully constructed so that they are not too
wide, but yet wide enough to independently answer queries,
the algorithm for creating tables in the vertically partitioned
approach is straightforward and need not change over time.

Fewer unions (relative to the property-class schema
approach). In the property-class schema approach (see Fig.
1d), queries that do not restrict on class tend to have many
union clauses. Since, in the vertically partitioned approach,
all data for a particular property is located in the same table,
union clauses in queries are less common.

Of course, there are several disadvantages to this approach.

Increased number of joins. When a query accesses several
properties, multiple two-column vertical partitions have to
be merged. Although this merge process can be performed
by using simple, fast (linear) merge joins and is therefore not
very expensive, the process is also not free. One particularly
problematic class of queries are queries that do not restrict on
property value (or, similarly, the value of the property will
be bound only when the query is processed). In this situa-
tion, all vertical partitions need to be accessed and unioned
together or merged: this class of queries is also problematic
for property tables; however, since there are fewer total prop-
erty tables than vertical partitions, the relative performance
overhead of unioning or merging everything together is more
significant for the vertical partitioning approach.

Although queries that do not restrict on property value
are common in synthetic SPARQL benchmarks [42], we
have found that, in practice, for the RDF applications we
have worked with, such queries are rare. However, should
an application contain queries that do not restrict on prop-
erty value, the vertical partitions can be supplemented with
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tables. They cannot be included with the other attributes in
the same table unless they are represented using list, set,
or bag attributes. However, this requires an object-relational
DBMS, results in variable width attributes, and complicates
the expression of queries over these attributes.

In summary, while property tables can significantly
improve performance by reducing the number of self-joins
and typing attributes, they introduce complexity by requir-
ing property clustering to be carefully done to create property
tables that are not too wide, while still being wide enough to
answer most queries directly. Ubiquitous multi-valued attri-
butes cause further complexity.

3 A simpler alternative

We now look at an alternative to the property table solution to
speed up queries over a triple-store. In Sect. 3.1, we discuss
the vertically partitioned approach to storing RDF triples. We
then look at how we extended a column-oriented DBMS to
implement this approach in Sect. 3.2.

3.1 Vertically partitioned approach

We propose storage of RDF data using a fully decomposed
storage model (DSM) [20], a performance enhancing tech-
nique that has proven to be useful in a variety of applications
including data warehousing [2], biomedical data [21], and
in the context of RDF/S, for taxonomic data [9,47]. The tri-
ples table is rewritten into n two-column tables where n is
the number of unique properties in the data. In each of these
tables, the first column contains the subjects that define that
property and the second column contains the object values
for those subjects. For example, the triples table from Table
1a would be stored as:

Type
ID1 BookType
ID2 CDType
ID3 BookType
ID4 DVDType
ID5 CDType
ID6 BookType

Author
ID1 “Fox, Joe”

Title
ID1 “XYZ”
ID2 “ABC”
ID3 “MNO”
ID4 “DEF”
ID5 “GHI”

Artist
ID2 “Orr, Tim”

Copyright
ID1 “2001”
ID2 “1985”
ID5 “1995”
ID6 “2004”

Language
ID2 “French”
ID3 “English”

Each table is sorted by subject, so that particular subjects
can be located quickly, and that fast merge joins can be used
to reconstruct information about multiple properties for sub-
sets of subjects. The value column for each table can also
be optionally indexed (or a second copy of the table can be
created, that is clustered on the value column).

The advantages of this approach (relative to the property
table approach) are:

Support for multi-valued attributes. A multi-valued attri-
bute is not problematic in the decomposed storage model.

If a subject has more than one object value for a particular
property, then each distinct value is listed in a successive row
in the table for that property. For example, if ID1 had two
authors in the example above, the table would look like:

Author
ID1 “Fox, Joe”
ID1 “Green, John”

Support for heterogeneous records. Subjects that do not
define a particular property are simply omitted from the table
for that property. In the example above, author is only defined
for one subject (ID1) so the table can be kept small (NULL
data need not be explicitly stored). The advantage becomes
increasingly important when the data is not well structured.

Only those properties accessed by a query need to be read.
I/O costs can be substantially reduced.

No clustering algorithms are needed. This point is the basis
behind our claim that the vertically partitioned approach is
simpler than the property table approach. While property
tables need to be carefully constructed so that they are not too
wide, but yet wide enough to independently answer queries,
the algorithm for creating tables in the vertically partitioned
approach is straightforward and need not change over time.

Fewer unions (relative to the property-class schema
approach). In the property-class schema approach (see Fig.
1d), queries that do not restrict on class tend to have many
union clauses. Since, in the vertically partitioned approach,
all data for a particular property is located in the same table,
union clauses in queries are less common.

Of course, there are several disadvantages to this approach.

Increased number of joins. When a query accesses several
properties, multiple two-column vertical partitions have to
be merged. Although this merge process can be performed
by using simple, fast (linear) merge joins and is therefore not
very expensive, the process is also not free. One particularly
problematic class of queries are queries that do not restrict on
property value (or, similarly, the value of the property will
be bound only when the query is processed). In this situa-
tion, all vertical partitions need to be accessed and unioned
together or merged: this class of queries is also problematic
for property tables; however, since there are fewer total prop-
erty tables than vertical partitions, the relative performance
overhead of unioning or merging everything together is more
significant for the vertical partitioning approach.

Although queries that do not restrict on property value
are common in synthetic SPARQL benchmarks [42], we
have found that, in practice, for the RDF applications we
have worked with, such queries are rare. However, should
an application contain queries that do not restrict on prop-
erty value, the vertical partitions can be supplemented with
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1)  Ask	
  what	
  kind	
  of	
  rela6onship,	
  if	
  
any,	
  a	
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  has	
  to	
  MIT:	
  

SELECT	
  A.property	
  	
  
FROM	
  triples	
  AS	
  A	
  	
  
WHERE	
  A.subj	
  =	
  ID2	
  AND	
  A.obj	
  =	
  ‘MIT’	
  
	
  

2)  Ask	
  for	
  people	
  who	
  have	
  the	
  same	
  
rela6onship	
  to	
  Stanford	
  as	
  a	
  
certain	
  person	
  has	
  to	
  Yale:	
  

SELECT	
  B.subj	
  
FROM	
  triples	
  AS	
  A,	
  triples	
  AS	
  B,	
  	
  
WHERE	
  A.subj	
  =	
  ID1	
  AND	
  A.obj	
  =	
  ‘Yale’	
  
AND	
  A.property	
  =	
  B.property	
  AND	
  B.obj	
  =	
  
‘Stanford’	
  

number of unique properties in the data. Each table contains
a subject and an object column [5]. Multi-valued subjects,
i.e. subjects related to multiple objects by the same prop-
erty, are thus represented by multiple rows in the table with
the same subject and di↵erent object values. Each table is
sorted by subject, so that particular subjects can be located
quickly, and fast merge-joins can be used to reconstruct in-
formation about multiple properties for subsets of subjects
[5]. In [5], this approach is coupled with a column-oriented
DBMS [14, 15, 42] (i.e., a DBMS designed especially for
the vertically partitioned case, as opposed to a row-oriented
DBMS, gaining benefits of compressibility [4] and perfor-
mance [7]). Then it confers a clear advantage for processing
queries in which properties appear as bound variables. The
study in [5] has established this scheme as the state of the
art for scalable Semantic Web data management.
Furthermore, Abadi et al. [5] suggest that the object columns
of tables in their scheme can also be optionally indexed (e.g.,
using an unclustered B+ tree), or a second copy of the table
can be created clustered on the object column. Hence, [5]
has also suggested a form of multiple indexing for Semantic
Web data management. However, this multiplicity is lim-
ited within a property-oriented architecture. Besides, this
suggestion was not implemented as part of the benchmark
system used in [5].
In e↵ect, this vertical-partitioning model is oriented towards
answering queries in which the property resource is bound,
or, otherwise, the search is limited to only a few properties.
In fact, while Abadi et al. [5] argue convincingly against the
property-table solutions of [46, 19, 45], the property-based
two-column-table approach they introduce shares most of
the disadvantages of those property-table solutions itself.
In fact, the two-column tables used by [5] are themselves a
special variation of property tables too. Specifically, these
two-column tables are akin to the multi-valued property ta-
bles introduced in [45]; namely, the latter also store single
properties with subject and object columns. In this respect,
the most significant novelty of [5] has been to integrate such
two-column property tables into a column-oriented DBMS.
Besides, Wilkinson [45] did observe the deficiency of the
property tables when it comes to unknown-property queries.
Thus, both the general property-table approach of [46, 19,
45] and the specific, column-oriented property-table scheme
of [5] are bound to perform poorly for queries that have un-
known property values, or for which the property is bound
at runtime.
Abadi et al. [5] do repeatedly observe the problem of having
non-property-bound queries, but do not e↵ectively address
it. The drawbacks of other schemes in cases where a query
does not restrict on property value, or the value of the prop-
erty is bound during query execution, do in fact apply to
the scheme of [5] as well: All two-column tables will have
to be queried and the results combined with either complex
union clauses, or through joins. Thus, queries that have
such unspecified property values (or with such values bound
at runtime) are generally problematic for the RDF storage
architecture proposed in [5].
Characteristically, the experimental study in [5] was based
on the assumption that only a set of 28 out of the 221 unique
properties in the studied library catalog data set [2] were
interesting for the study; queries that were not property-
bound were run on this limited set only. Unfortunately,
such an assumption is hard to be realized in a real-world

setting. Thus, there is a need for scalable semantic web data
management that will not depend on assumptions about the
number of properties in the data or the (property-bound)
nature of the executed queries.
As a concrete example, the raw data in table of Figure 1(a)
show an instance of triples of an LUBM-like [23] data set;
the triples in the table store academic information about a
group of four people. Noticeably, not all properties are de-
fined for all subjects in the table. A possible, interesting
query over these data is to ask what kind of relationship,
if any, a certain person has to MIT (upper part of Figure
1b); another interesting query looks for people who have
the same relationship to Stanford as a certain person has
to Yale (lower part of Figure 1b). Furthermore, one may
ask for other universities where people related to a certain
university are involved; or for people who hold a degree, of
any type, from a certain university; or for people who are
anyhow related with both of a pair of universities, and so on.
All these queries are not property-bound; they require gath-
ering information about several properties. Besides, some of
them require complex joins on the lists of subjects related
to a certain object through several properties. Interestingly,
in such queries the binding originates neither from a prop-
erty, nor from a subject, but from an object (e.g., a certain
university).
Subj Property Obj

ID1 type FullProfessor
ID1 teacherOf ‘AI’
ID1 bachelorFrom ‘MIT’
ID1 mastersFrom ‘Cambridge’
ID1 phdFrom ‘Yale’
ID2 type AssocProfessor
ID2 worksFor ‘MIT’
ID2 teacherOf ‘DataBases’
ID2 bachelorsFrom ‘Yale’
ID2 phdFrom ‘Stanford’
ID3 type GradStudent
ID3 advisor ID2
ID3 teachingAssist ‘AI’
ID3 bachelorsFrom ‘Stanford’
ID3 mastersFrom ‘Princeton’
ID4 type GradStudent
ID4 advisor ID1
ID4 takesCourse ‘DataBases’
ID4 bachelorsFrom ‘Columbia’

SELECT A.property

FROM triples AS A

WHERE A.subj = ID2

AND A.obj = ‘MIT’

SELECT B.subj

FROM triples AS A,

triples AS B,

WHERE A.subj = ID1

AND A.obj = ‘Yale’

AND A.property = B.property

AND B.obj = ‘Stanford’

(a) Example RDF triples (b) SQL queries over (a)

Figure 1: Sample RDF data and queries.

3. MOTIVATION
Arguably, queries bound on property value are not necessar-
ily the most interesting or popular type of queries encoun-
tered in real-world Semantic Web applications. In fact, it
is usually the case that specific properties may largely be
the unknown parts of queries; indeed, one may query for
relationships between resources without specifying those re-
lationships (consider, for example, the applications arising
with the proliferation of social networks).
Still, as we have seen, existing RDF data storage schemes
are not designed with such queries in mind. Instead, they
typically center around the idea of gathering together triples
having the same property, or triples having the same sub-
ject (e.g., [46, 19, 45, 5]); alternatively, some may o↵er an
object-subject hash key for identifying properties [27, 47].
However, no existing scheme can directly provide a function-
ality such as giving a list of subjects or properties related
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Examples	
  of	
  non-­‐property-­‐bound	
  queries:	
  

1)  Ask	
  what	
  kind	
  of	
  rela6onship,	
  if	
  
any,	
  a	
  certain	
  person	
  has	
  to	
  MIT:	
  

SELECT	
  A.property	
  	
  
FROM	
  triples	
  AS	
  A	
  	
  
WHERE	
  A.subj	
  =	
  ID2	
  AND	
  A.obj	
  =	
  ‘MIT’	
  
	
  

2)  Ask	
  for	
  people	
  who	
  have	
  the	
  same	
  
rela6onship	
  to	
  Stanford	
  as	
  a	
  
certain	
  person	
  has	
  to	
  Yale:	
  

SELECT	
  B.subj	
  
FROM	
  triples	
  AS	
  A,	
  triples	
  AS	
  B,	
  	
  
WHERE	
  A.subj	
  =	
  ID1	
  AND	
  A.obj	
  =	
  ‘Yale’	
  
AND	
  A.property	
  =	
  B.property	
  AND	
  B.obj	
  =	
  
‘Stanford’	
  

number of unique properties in the data. Each table contains
a subject and an object column [5]. Multi-valued subjects,
i.e. subjects related to multiple objects by the same prop-
erty, are thus represented by multiple rows in the table with
the same subject and di↵erent object values. Each table is
sorted by subject, so that particular subjects can be located
quickly, and fast merge-joins can be used to reconstruct in-
formation about multiple properties for subsets of subjects
[5]. In [5], this approach is coupled with a column-oriented
DBMS [14, 15, 42] (i.e., a DBMS designed especially for
the vertically partitioned case, as opposed to a row-oriented
DBMS, gaining benefits of compressibility [4] and perfor-
mance [7]). Then it confers a clear advantage for processing
queries in which properties appear as bound variables. The
study in [5] has established this scheme as the state of the
art for scalable Semantic Web data management.
Furthermore, Abadi et al. [5] suggest that the object columns
of tables in their scheme can also be optionally indexed (e.g.,
using an unclustered B+ tree), or a second copy of the table
can be created clustered on the object column. Hence, [5]
has also suggested a form of multiple indexing for Semantic
Web data management. However, this multiplicity is lim-
ited within a property-oriented architecture. Besides, this
suggestion was not implemented as part of the benchmark
system used in [5].
In e↵ect, this vertical-partitioning model is oriented towards
answering queries in which the property resource is bound,
or, otherwise, the search is limited to only a few properties.
In fact, while Abadi et al. [5] argue convincingly against the
property-table solutions of [46, 19, 45], the property-based
two-column-table approach they introduce shares most of
the disadvantages of those property-table solutions itself.
In fact, the two-column tables used by [5] are themselves a
special variation of property tables too. Specifically, these
two-column tables are akin to the multi-valued property ta-
bles introduced in [45]; namely, the latter also store single
properties with subject and object columns. In this respect,
the most significant novelty of [5] has been to integrate such
two-column property tables into a column-oriented DBMS.
Besides, Wilkinson [45] did observe the deficiency of the
property tables when it comes to unknown-property queries.
Thus, both the general property-table approach of [46, 19,
45] and the specific, column-oriented property-table scheme
of [5] are bound to perform poorly for queries that have un-
known property values, or for which the property is bound
at runtime.
Abadi et al. [5] do repeatedly observe the problem of having
non-property-bound queries, but do not e↵ectively address
it. The drawbacks of other schemes in cases where a query
does not restrict on property value, or the value of the prop-
erty is bound during query execution, do in fact apply to
the scheme of [5] as well: All two-column tables will have
to be queried and the results combined with either complex
union clauses, or through joins. Thus, queries that have
such unspecified property values (or with such values bound
at runtime) are generally problematic for the RDF storage
architecture proposed in [5].
Characteristically, the experimental study in [5] was based
on the assumption that only a set of 28 out of the 221 unique
properties in the studied library catalog data set [2] were
interesting for the study; queries that were not property-
bound were run on this limited set only. Unfortunately,
such an assumption is hard to be realized in a real-world

setting. Thus, there is a need for scalable semantic web data
management that will not depend on assumptions about the
number of properties in the data or the (property-bound)
nature of the executed queries.
As a concrete example, the raw data in table of Figure 1(a)
show an instance of triples of an LUBM-like [23] data set;
the triples in the table store academic information about a
group of four people. Noticeably, not all properties are de-
fined for all subjects in the table. A possible, interesting
query over these data is to ask what kind of relationship,
if any, a certain person has to MIT (upper part of Figure
1b); another interesting query looks for people who have
the same relationship to Stanford as a certain person has
to Yale (lower part of Figure 1b). Furthermore, one may
ask for other universities where people related to a certain
university are involved; or for people who hold a degree, of
any type, from a certain university; or for people who are
anyhow related with both of a pair of universities, and so on.
All these queries are not property-bound; they require gath-
ering information about several properties. Besides, some of
them require complex joins on the lists of subjects related
to a certain object through several properties. Interestingly,
in such queries the binding originates neither from a prop-
erty, nor from a subject, but from an object (e.g., a certain
university).
Subj Property Obj

ID1 type FullProfessor
ID1 teacherOf ‘AI’
ID1 bachelorFrom ‘MIT’
ID1 mastersFrom ‘Cambridge’
ID1 phdFrom ‘Yale’
ID2 type AssocProfessor
ID2 worksFor ‘MIT’
ID2 teacherOf ‘DataBases’
ID2 bachelorsFrom ‘Yale’
ID2 phdFrom ‘Stanford’
ID3 type GradStudent
ID3 advisor ID2
ID3 teachingAssist ‘AI’
ID3 bachelorsFrom ‘Stanford’
ID3 mastersFrom ‘Princeton’
ID4 type GradStudent
ID4 advisor ID1
ID4 takesCourse ‘DataBases’
ID4 bachelorsFrom ‘Columbia’

SELECT A.property

FROM triples AS A

WHERE A.subj = ID2

AND A.obj = ‘MIT’

SELECT B.subj

FROM triples AS A,

triples AS B,

WHERE A.subj = ID1

AND A.obj = ‘Yale’

AND A.property = B.property

AND B.obj = ‘Stanford’

(a) Example RDF triples (b) SQL queries over (a)

Figure 1: Sample RDF data and queries.

3. MOTIVATION
Arguably, queries bound on property value are not necessar-
ily the most interesting or popular type of queries encoun-
tered in real-world Semantic Web applications. In fact, it
is usually the case that specific properties may largely be
the unknown parts of queries; indeed, one may query for
relationships between resources without specifying those re-
lationships (consider, for example, the applications arising
with the proliferation of social networks).
Still, as we have seen, existing RDF data storage schemes
are not designed with such queries in mind. Instead, they
typically center around the idea of gathering together triples
having the same property, or triples having the same sub-
ject (e.g., [46, 19, 45, 5]); alternatively, some may o↵er an
object-subject hash key for identifying properties [27, 47].
However, no existing scheme can directly provide a function-
ality such as giving a list of subjects or properties related
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Hexastore:	
  

•  Hexastore	
  extends	
  the	
  last	
  two	
  approaches	
  (Mul6ple-­‐
indexing	
  and	
  Ver6cal-­‐par66oning)	
  and	
  takes	
  the	
  idea	
  
further	
  “to	
  its	
  logical	
  conclusion”!	
  

•  The	
  resul6ng	
  solu6on	
  does	
  not	
  discriminate	
  against	
  any	
  
RDF	
  element;	
  each	
  RDF	
  element	
  type	
  deserves	
  to	
  have	
  
special	
  index	
  structures	
  built	
  around	
  it.	
  

•  Every	
  possible	
  ordering	
  of	
  the	
  three	
  elements	
  in	
  an	
  
indexing	
  scheme	
  is	
  materialized;	
  
	
   	
   	
   	
  spo,	
  sop,	
  pso,	
  pos,	
  osp,	
  and	
  ops.	
  

•  Employs	
  a	
  dic6onary	
  encoding;	
  maps	
  string	
  URIs	
  to	
  integer	
  
iden6fiers.	
  



Hexastore	
  (cont’d):	
  

•  Example;	
  spo	
  index,	
  the	
  indexing	
  that	
  groups	
  data	
  into	
  
subject-­‐headed	
  divisions	
  with	
  property	
  vectors	
  and	
  
lists	
  of	
  objects	
  per	
  vector…	
  

is repeated for all other indexing schemes and for all other
resources in the table.
Figure 2 presents a general example of spo indexing in a
Hexastore. A subject key s

i

is associated to a sorted vector
of n

i

property keys, {pi

1, p
i

2, . . . , p
i

n

i

}. Each property key
pi

j

is, in its turn, linked to an associated sorted list of k
i,j

object keys. These objects lists are accordingly shared with
the pso indices. The same spo pattern is repeated for every
subject in the Hexastore. Moreover, analogous patterns are
materialized in the other five indexing schemes.
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Figure 2: spo indexing in a Hexastore

4.2 Argumentation
The main advantages of a Hexastore in relation to earlier
RDF data management schemes [8, 9, 11, 17, 25, 26, 46, 19,
45, 39, 44, 38, 36, 20, 34, 27, 47, 22, 5] can be outlined as
follows:

• Concise and e�cient handling of multi-valued
resources. Any resource that would appear as a multi-
valued attribute in a relational rendering of RDF is
naturally accommodated in the Hexastore. Namely,
the lists that appear as the terminal items of any Hex-
astore indexing can contain multiple items. More-
over, this approach is more concise that the one em-
ployed with the two-column, multi-valued property ta-
bles proposed by [46, 19, 45]. In this scheme, if a sub-
ject is related to multiple objects by the same prop-
erty, then each distinct value is listed in a successive
row in the table for that property. This type of a
property table is named multi-valued property table
and is used to store properties that have maximum
cardinality greater than one, or unknown, in [46, 19,
45]. Still, using multiple rows for the same subject is
not the most concise solution. The Hexastore stores
multi-valued resources in the most concise manner. [5]
correctly noted that accommodating multi-valued re-
sources is hard for any relational-based architecture
and provided a solution based on run-length encod-
ing. Given the semi-structured nature of Semantic
Web data, an approach especially customized for the
multi-valued case is needed. The Hexastore provides
such a solution.

• Avoidance of NULLs. Only those RDF elements
that are relevant to a particular other element need to
be stored in a particular index. For example, proper-
ties not defined for a particular object o

i

do not ap-
pear in the ops indexing for o

i

. Thus, no storage space

is wasted for NULL values, as it happens with many
relational renderings of RDF data. Again, given the
semi-structured nature of Semantic Web data, and the
related abundance of NULL values and sparsity in a
relational rendering of them, an approach that avoids
this sparsity is called for. The Hexastore su�ciently
addresses this issue too.

• No ad-hoc choices needed. Most other RDF data
storage schemes require several ad-hoc decisions about
their data representation architecture. For example,
a storage scheme may require a decision about which
properties to store together in the same table, as in [46,
19, 45], or which path expressions to represent in a re-
lational scheme, as in [38, 34]. The Hexastore eschews
the need for such ad-hoc decisions. The architecture
of a Hexastore is uniquely and deterministically de-
fined by the RDF data at hand; no ad-hoc decisions
that would variably a↵ect its performance need to be
made.

• Reduced I/O cost. Depending on the bound ele-
ments in a query, a mostly e�cient computation strat-
egy can be followed; such a strategy accesses only
those items that are relevant to the query. In contrast,
other RDF storage schemes may need to access multi-
ple tables which are irrelevant to a query; for example,
property-based approaches need to access all property
tables in a store for queries that are not bound by
property; besides, answering a query bound by object
is also problematic with most existing storage schemes.
Thanks to its sextuple indexing, the Hexastore elimi-
nates redundant data accesses.

• All first-step pairwise joins are fast merge-joins.
The keys of resources in all vectors and lists used in
a Hexastore are sorted. Thus a sorted order of all
resources associated to any other single resource, or
pair of resources, is materialized in a Hexastore. In
consequence, every pairwise join that needs to be per-
formed during the first step of query processing in a
Hexastore is a fast, linear-time merge-join. By con-
trast, other storage schemes necessitate complex joins
over unsorted lists of items extracted with heavy com-
putation cost.

• Reduction of unions and joins. A conventional
RDF storage scheme would require several union and
join operations in order to derive, for example, a list of
subjects related to two particular objects through any
property (e.g., all people involved in both of two par-
ticular university courses). For instance, the limited
multiple-indexing solutions of [27, 47] do not provide
fast access to such a result; instead, they would need
to separately access all statements defined for each of
the two objects in question and cross-join the resulting
subject lists. Similarly, the property-oriented solutions
of [46, 19, 45] and [5] would need to access all property
tables in order to identify instances of hsubject, objecti
pairs that match the two desired objects, union the
results for each object, and join them. By contrast,
the Hexastore directly supplies the answer to such a
query by linearly merge-joining two subject vectors in
osp indexing. A similar simplicity of query processing
applies in other cases.
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Advantages	
  of	
  Hexastore:	
  

•  Concise	
  and	
  efficient	
  handling	
  of	
  mul6-­‐valued	
  resources.	
  

•  Avoidance	
  of	
  NULLs.	
  

•  No	
  ad-­‐hoc	
  choices	
  needed	
  
–  The	
  architecture	
  of	
  a	
  Hexastore	
  is	
  uniquely	
  and	
  determinis6cally	
  defined	
  

by	
  the	
  RDF	
  data	
  at	
  hand.	
  

•  Reduced	
  I/O	
  cost	
  
–  …accesses	
  only	
  those	
  items	
  that	
  are	
  relevant	
  to	
  the	
  query…	
  property-­‐

based	
  approaches	
  need	
  to	
  access	
  all	
  property	
  tables	
  in	
  a	
  store	
  for	
  queries	
  
that	
  are	
  not	
  bound	
  by	
  property.	
  

•  All	
  first-­‐step	
  pairwise	
  joins	
  are	
  fast	
  merge-­‐joins.	
  
–  The	
  keys	
  of	
  resources	
  in	
  all	
  vectors	
  and	
  lists	
  used	
  in	
  a	
  Hexastore	
  are	
  

sorted.	
  	
  	
  

•  Reduc6on	
  of	
  unions	
  and	
  joins.	
  	
  



IBM	
  Example	
  (revisited):	
  
(Charles Flint, born, 1850)
(Charles Flint, died, 1934)
(Charles Flint, founder, IBM)
(Larry Page, born, 1973)
(Larry Page, founder, Google)
(Larry Page, board, Google)
(Larry Page, home, Palo Alto)
(Android, developer, Google)
(Android, version, 4.1)
(Android, kernel, Linux)
(Android, preceded, 4.0)
. . .

(Android, graphics, OpenGL)
(Google, industry, Software)
(Google, industry, Internet)
(Google, employees, 54,604)
(Google, HQ, Mountain View)
(IBM, industry, Software)
(IBM, industry, Hardware)
(IBM, industry, Services)
(IBM, employees, 433,362)
(IBM, HQ, Armonk)

(a) Sample DBpedia data

entry spill pred1 val1 pred2 val2 pred3 val3 . . . pred
k

val
k

Charles Flint 0 died 1934 born 1850 founder IBM . . . null null
Larry Page 0 board Google born 1973 founder Google . . . home Palo Alto
Android 1 developer Google version 4.1 kernel Linux . . . preceded 4.0
Android 1 null null null null graphics OpenGL . . . null null
Google 0 industry lid:1 employees 54,604 null null . . . HQ Mtn View
IBM 0 industry lid:2 employees 433,362 null null . . . HQ Armonk

(b) Direct Primary Hash (DPH)

l_id elm
lid:1 Software
lid:1 Internet
lid:2 Software
lid:2 Hardware
lid:2 Services

(c) Direct Secondary Hash (DS)

entry spill pred1 val1 . . . pred
k

0 val
k

0
1850 0 born Charles Flint . . . null null
1973 0 born Larry Page . . . null null
1934 0 null null . . . died Charles Flint
IBM 0 null null . . . founder Charles Flint

. . .

Software 0 industry lid:3 . . . null null
Hardware 0 industry lid:4 . . . null null

(d) Reverse Primary Hash (RPH)

l_id elm
lid:3 IBM
lid:3 Google
lid:4 IBM
lid:4 Google

(e) Reverse
Secondary
Hash (RS)

Figure 1: Sample DBpedia RDF data and the corresponding DB2RDF schema

Predicate Set Freq.
SV1 SV2 SV3 SV4 .01MV1 MV2 MV3 MV4

SV1 SV2 SV3 .24MV1 MV2 MV3

SV1 SV3 SV4 .25MV1 MV3 MV4

SV2 SV3 SV4 .25MV2 MV3 MV4

SV1 SV2 SV4 .24MV1 MV2 MV4

SV5 SV6 SV7 SV8 .01

Table 1: Micro-Bench
Characteristics

Query Star query predicate set Results
Q1 SV1 SV2 SV3 SV4 938
Q2 MV2 MV2 MV3 MV4 10313

Q3 SV1 10313MV1 MV2 MV3 MV4

Q4 SV1 SV2 10313MV1 MV2 MV3 MV4

Q5 SV1 SV2 SV3 10313MV1 MV2 MV3 MV4

Q6 SV1 SV2 SV3 SV4 10313MV1 MV2 MV3 MV4

Q7 SV5 2500
Q8 SV5 SV6 2500
Q9 SV5 SV6 SV7 2500
Q10 SV5 SV6 SV7 SV8 2500

Table 2: Micro-Bench Queries

Primary Hash (RPH) and the Reverse Secondary Hash (RS), with
samples shown in Figures 1(d) and (e).

Advantages of DB2RDF Layout.
An advantage of the DB2RDF schema is the elimination of joins

in star queries (i.e., queries that ask for multiple predicates for the
same subject or object). Star queries are quite common in SPARQL
workloads, and complex SPARQL queries frequently contain sub-
graphs that are stars. Star queries can involve purely single valued
predicates, purely multi-valued predicates, or a mix of both. While
for single valued predicates the DB2RDF layout reduces star query
processing to a single row lookup in the DPH relation, processing
of multi-valued or mixed stars requires additional joins with DS
relation. It is unclear how these additional joins impact the perfor-
mance of DB2RDF when compared to the other types of storage.

To this end, we designed a micro benchmark that contrasts query
processing in DB2RDF with the triple-store and predicate-oriented
approaches1. The benchmark has 1M RDF triples with the char-
acteristics defined in Table 1. Each table row represents a predi-
cate set along with its relative frequency distribution in the data.
So, subjects with the predicate set {SV1, SV2, SV3, SV4, MV1,
MV2, MV3, MV4 } (first table row) constituted 1% of the 1 million
dataset. The predicates SV1 to SV8 were all single valued, whereas
MV1 to MV4 were multi-valued. The predicate sets are such that
a single valued star query for SV1, SV2, SV3 and SV4 is highly se-
lective but only when all four predicates are involved in the query.

1We omitted the type-oriented approach because for this micro-benchmark it is similar
to the entity-oriented approach.

SELECT ?s WHERE { ?s SV1 ?o1 . ?s SV2 ?o2 . ?s SV3 ?o3 . ?s SV4 ?o4 }

(a) SPARQL for Q1

SELECT T.entry FROM DPH AS T
WHERE T.PRED0=’SV1 ’ AND T.PRED1=’SV2 ’ AND T.PRED2=’SV3 ’ AND T.PRED3=’SV4 ’

(b) Entity-oriented SQL

SELECT T1.SUBJ FROM TRIPLE AS T1, TRIPLE AS T2, TRIPLE AS T3, TRIPLE AS T4
WHERE T1.PRED=’SV1 ’ AND T2.PRED=’SV2 ’ AND T3.PRED=’SV3 ’ AND T4.PRED=’SV4 ’ AND

T1.SUBJ = T2.SUBJ AND T2.SUBJ = T3.SUBJ AND T3.SUBJ = T4.SUBJ

(c) Triple-store SQL

SELECT SV1.ENTRY FROM COL_SV1 AS SV1, COL_SV2 AS SV2, COL_SV3 AS SV3, COL_SV4 AS SV4
WHERE SV1.ENTRY = SV2.ENTRY AND SV2.ENTRY = SV3.ENTRY AND SV3.ENTRY = SV4.ENTRY

(d) Predicate-oriented SQL

Figure 2: SPARQL and SQL queries for Q1

The predicates by themselves are not selective. Similarly, a multi-
valued star query for MV1, MV2, MV3 and MV4 is selective, but
only if it involves all four predicates. We also consider a set of se-
lective single valued predicates (SV5 to SV8) to separately examine
the effects of changing the size of a highly selective single valued
star on query processing, while keeping the result set size constant.

Table 2 shows the predicate sets used to construct star queries.
Figure 2(a) shows the SPARQL star query corresponding to the pred-
icate set for Q1 in Table 2. For each constructed SPARQL query, we
generated three SQL queries, one for each of the DB2RDF, triple-
store, and predicate-oriented approaches (see Figure 2 for the SQL
queries corresponding to Q1). In all three cases, we only index
subjects, since the queries only join subjects. Q1 examines sin-
gle valued star query processing. As shown in Figure 3, for Q1
DB2RDF was 12X faster than the triple-store, and 3X faster than
the predicate-oriented store (78, 940, and 237 ms respectively).
Q2 data shows that this result extends to multi-valued predicates,
because of the selectivity gain. DB2RDF outperformed the triple-
store by 9X and the predicate-oriented store by 4X (124, 1109 and
426 ms respectively). Q3-Q6 show that the result extends to mixed
stars of single and multi-valued predicates, with query times signif-
icantly worsening with increased number of conjuncts in the query
for the triple-store (1287-1850 ms), while times in the predicate-
oriented store show noticeable increases (514-614 ms). In contrast,
DB2RDF query times are stable (131-139 ms). Q7-Q10 show a
similar trend in the single valued star query case, when any one of
the predicates in the star is selective (66-73 ms for DB2RDF, 203-
249 for triple-store, and 2-6 ms in the predicate-oriented store).
When each predicate involved in the star was highly selective,
the predicate-oriented store outperformed DB2RDF. However,
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(Charles Flint, born, 1850)
(Charles Flint, died, 1934)
(Charles Flint, founder, IBM)
(Larry Page, born, 1973)
(Larry Page, founder, Google)
(Larry Page, board, Google)
(Larry Page, home, Palo Alto)
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(Android, preceded, 4.0)
. . .
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(Google, HQ, Mountain View)
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(IBM, industry, Services)
(IBM, employees, 433,362)
(IBM, HQ, Armonk)

(a) Sample DBpedia data

entry spill pred1 val1 pred2 val2 pred3 val3 . . . pred
k

val
k

Charles Flint 0 died 1934 born 1850 founder IBM . . . null null
Larry Page 0 board Google born 1973 founder Google . . . home Palo Alto
Android 1 developer Google version 4.1 kernel Linux . . . preceded 4.0
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(b) Direct Primary Hash (DPH)
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(c) Direct Secondary Hash (DS)
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0 val
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0
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1973 0 born Larry Page . . . null null
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Software 0 industry lid:3 . . . null null
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(e) Reverse
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Figure 1: Sample DBpedia RDF data and the corresponding DB2RDF schema

Predicate Set Freq.
SV1 SV2 SV3 SV4 .01MV1 MV2 MV3 MV4

SV1 SV2 SV3 .24MV1 MV2 MV3

SV1 SV3 SV4 .25MV1 MV3 MV4

SV2 SV3 SV4 .25MV2 MV3 MV4

SV1 SV2 SV4 .24MV1 MV2 MV4

SV5 SV6 SV7 SV8 .01

Table 1: Micro-Bench
Characteristics

Query Star query predicate set Results
Q1 SV1 SV2 SV3 SV4 938
Q2 MV2 MV2 MV3 MV4 10313

Q3 SV1 10313MV1 MV2 MV3 MV4

Q4 SV1 SV2 10313MV1 MV2 MV3 MV4

Q5 SV1 SV2 SV3 10313MV1 MV2 MV3 MV4

Q6 SV1 SV2 SV3 SV4 10313MV1 MV2 MV3 MV4

Q7 SV5 2500
Q8 SV5 SV6 2500
Q9 SV5 SV6 SV7 2500
Q10 SV5 SV6 SV7 SV8 2500

Table 2: Micro-Bench Queries

Primary Hash (RPH) and the Reverse Secondary Hash (RS), with
samples shown in Figures 1(d) and (e).

Advantages of DB2RDF Layout.
An advantage of the DB2RDF schema is the elimination of joins

in star queries (i.e., queries that ask for multiple predicates for the
same subject or object). Star queries are quite common in SPARQL
workloads, and complex SPARQL queries frequently contain sub-
graphs that are stars. Star queries can involve purely single valued
predicates, purely multi-valued predicates, or a mix of both. While
for single valued predicates the DB2RDF layout reduces star query
processing to a single row lookup in the DPH relation, processing
of multi-valued or mixed stars requires additional joins with DS
relation. It is unclear how these additional joins impact the perfor-
mance of DB2RDF when compared to the other types of storage.

To this end, we designed a micro benchmark that contrasts query
processing in DB2RDF with the triple-store and predicate-oriented
approaches1. The benchmark has 1M RDF triples with the char-
acteristics defined in Table 1. Each table row represents a predi-
cate set along with its relative frequency distribution in the data.
So, subjects with the predicate set {SV1, SV2, SV3, SV4, MV1,
MV2, MV3, MV4 } (first table row) constituted 1% of the 1 million
dataset. The predicates SV1 to SV8 were all single valued, whereas
MV1 to MV4 were multi-valued. The predicate sets are such that
a single valued star query for SV1, SV2, SV3 and SV4 is highly se-
lective but only when all four predicates are involved in the query.

1We omitted the type-oriented approach because for this micro-benchmark it is similar
to the entity-oriented approach.

SELECT ?s WHERE { ?s SV1 ?o1 . ?s SV2 ?o2 . ?s SV3 ?o3 . ?s SV4 ?o4 }

(a) SPARQL for Q1

SELECT T.entry FROM DPH AS T
WHERE T.PRED0=’SV1 ’ AND T.PRED1=’SV2 ’ AND T.PRED2=’SV3 ’ AND T.PRED3=’SV4 ’

(b) Entity-oriented SQL

SELECT T1.SUBJ FROM TRIPLE AS T1, TRIPLE AS T2, TRIPLE AS T3, TRIPLE AS T4
WHERE T1.PRED=’SV1 ’ AND T2.PRED=’SV2 ’ AND T3.PRED=’SV3 ’ AND T4.PRED=’SV4 ’ AND

T1.SUBJ = T2.SUBJ AND T2.SUBJ = T3.SUBJ AND T3.SUBJ = T4.SUBJ

(c) Triple-store SQL

SELECT SV1.ENTRY FROM COL_SV1 AS SV1, COL_SV2 AS SV2, COL_SV3 AS SV3, COL_SV4 AS SV4
WHERE SV1.ENTRY = SV2.ENTRY AND SV2.ENTRY = SV3.ENTRY AND SV3.ENTRY = SV4.ENTRY

(d) Predicate-oriented SQL

Figure 2: SPARQL and SQL queries for Q1

The predicates by themselves are not selective. Similarly, a multi-
valued star query for MV1, MV2, MV3 and MV4 is selective, but
only if it involves all four predicates. We also consider a set of se-
lective single valued predicates (SV5 to SV8) to separately examine
the effects of changing the size of a highly selective single valued
star on query processing, while keeping the result set size constant.

Table 2 shows the predicate sets used to construct star queries.
Figure 2(a) shows the SPARQL star query corresponding to the pred-
icate set for Q1 in Table 2. For each constructed SPARQL query, we
generated three SQL queries, one for each of the DB2RDF, triple-
store, and predicate-oriented approaches (see Figure 2 for the SQL
queries corresponding to Q1). In all three cases, we only index
subjects, since the queries only join subjects. Q1 examines sin-
gle valued star query processing. As shown in Figure 3, for Q1
DB2RDF was 12X faster than the triple-store, and 3X faster than
the predicate-oriented store (78, 940, and 237 ms respectively).
Q2 data shows that this result extends to multi-valued predicates,
because of the selectivity gain. DB2RDF outperformed the triple-
store by 9X and the predicate-oriented store by 4X (124, 1109 and
426 ms respectively). Q3-Q6 show that the result extends to mixed
stars of single and multi-valued predicates, with query times signif-
icantly worsening with increased number of conjuncts in the query
for the triple-store (1287-1850 ms), while times in the predicate-
oriented store show noticeable increases (514-614 ms). In contrast,
DB2RDF query times are stable (131-139 ms). Q7-Q10 show a
similar trend in the single valued star query case, when any one of
the predicates in the star is selective (66-73 ms for DB2RDF, 203-
249 for triple-store, and 2-6 ms in the predicate-oriented store).
When each predicate involved in the star was highly selective,
the predicate-oriented store outperformed DB2RDF. However,
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Advantages	
  of	
  Hexastore:	
  

•  Concise	
  and	
  efficient	
  handling	
  of	
  mul6-­‐valued	
  resources.	
  

•  Avoidance	
  of	
  NULLs.	
  

•  No	
  ad-­‐hoc	
  choices	
  needed	
  
–  The	
  architecture	
  of	
  a	
  Hexastore	
  is	
  uniquely	
  and	
  determinis6cally	
  defined	
  

by	
  the	
  RDF	
  data	
  at	
  hand.	
  

•  Reduced	
  I/O	
  cost	
  
–  …accesses	
  only	
  those	
  items	
  that	
  are	
  relevant	
  to	
  the	
  query…	
  property-­‐

based	
  approaches	
  need	
  to	
  access	
  all	
  property	
  tables	
  in	
  a	
  store	
  for	
  queries	
  
that	
  are	
  not	
  bound	
  by	
  property.	
  

•  All	
  first-­‐step	
  pairwise	
  joins	
  are	
  fast	
  merge-­‐joins.	
  
–  The	
  keys	
  of	
  resources	
  in	
  all	
  vectors	
  and	
  lists	
  used	
  in	
  a	
  Hexastore	
  are	
  

sorted.	
  	
  	
  

•  Reduc6on	
  of	
  unions	
  and	
  joins.	
  	
  



Drawbacks	
  of	
  Hexastore:	
  

•  The	
  main	
  drawback	
  of	
  the	
  Hexastore	
  is	
  its	
  
worst-­‐case	
  five-­‐fold	
  increase	
  in	
  storage	
  space	
  
–  However,	
  the	
  increase	
  in	
  storage	
  is	
  guaranteed	
  and	
  determinis6c;	
  thus,	
  

it	
  shows	
  predictable	
  storage	
  requirements	
  that	
  can	
  be	
  planned	
  ahead.	
  	
  

•  Another	
  deficiency	
  of	
  the	
  Hexastore	
  appears	
  
when	
  it	
  comes	
  to	
  handling	
  updates	
  and	
  
inser6ons	
  
–  However,	
  exis6ng	
  RDF	
  applica6ons	
  do	
  not	
  involve	
  massive	
  updates.	
  	
  



Experimental	
  Evalua-on:	
  

•  Compare	
  the	
  performance	
  of	
  Hexastore	
  to…	
  	
  
–  the	
  authors’	
  implementa6on	
  of	
  the	
  column-­‐oriented	
  
ver6cal-­‐par66oning	
  (COVP1)	
  method,	
  i.e.	
  pso	
  index;	
  	
  

–  and	
  the	
  two-­‐index	
  version	
  COVP2,	
  i.e.	
  pso	
  and	
  pos	
  
indexes.	
  

•  Using	
  two	
  data	
  sets:	
  	
  
1.  Barton:	
  a	
  real	
  data	
  set,	
  consis6ng	
  of	
  61,233,949	
  

triples,	
  having	
  a	
  total	
  of	
  285	
  unique	
  proper6es.	
  	
  
2.  LUBM:	
  a	
  synthe6c	
  data	
  set,	
  consis6ng	
  of	
  6,865,225	
  

triples,	
  having	
  a	
  total	
  of	
  18	
  unique	
  proper6es.	
  



Experimental	
  Evalua-on	
  (Barton,	
  query	
  performance):	
  

in the pos index of each degreeFrom property for each uni-
versity in t0. Hexastore confers an additional advantage in
the first step; it straightforwardly retrieves t as the object
vector for subject AssociateProfessor10 in sop indexing.

5.3 Results
In this section, we report the results of our experimental
study with the queries described in Section 5.2 for both the
Barton and the LUBM data sets. We have experimented
with progressively larger prefixes of the working data sets,
measuring response times in each case. In all cases, we use
logarithmic axes for the response time measurements. We
thus show that the Hexastore typically achieves one to three
orders of magnitude (a factor of 1000), and can reach five
orders of magnitude, of performance improvement compared
to COVP1, while it also achieves one to two orders of mag-
nitude better performance than COVP2.
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Figure 3: Barton data set, Query 1

5.3.1 Barton Queries

Figure 3 shows the results with Barton Query 1. Observ-
ably, the performance of both COVP2 and Hexastore achieves
a significant gap from that of COVP1, due to the utilization
of the pos index by these methods. Moreover, while the re-
sponse time grows with the number of triples in the store for
COVP1, it stays practically constant for COVP2 and Hexa-
store, as any new relevant triples are all added on the pos
index and easily retrieved.
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Figure 4: Barton data set, Query 2
The results for Barton Query 2 are shown in Figure 4, for
both the 28-property version and the general version. In
both variants, the Hexastore gains a distinct performance
advantage (one order of magnitude) in comparison to both
other schemes. This advantage is due to the ability of the

Hexastore to directly merge property vectors, using the spo
indexing. Moreover, the relative advantage of COVP2 to
COVP1 is visible; the di↵erence is due to the use of the pos
index for the original type selection.
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Figure 5: Barton data set, Query 3

Figure 5 depicts the results for Barton Query 3. The ad-
vantage of the Hexastore is narrower in this case, due to the
more complicated final aggregation step. The increase in the
number of examined properties a↵ects all methods propor-
tionally, as all methods need to use a property-based index
for all relevant properties in the final step.
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Figure 6: Barton data set, Query 4

Figure 6 shows the results with Barton Query 4. The advan-
tage of Hexastore is now more distinct. Again, all methods
are a↵ected proportionally by the increase in the number of
examined properties. The additional selection by language
reduces the number of results with this query, hence the
processing time in the final aggregation step is reduced.
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The results for Barton Query 5 are presented in Figure 7.
The advantage of both COVP2 and Hexastore is chiefly due to
their avoidance of an expensive join. This advantage shows
the e�cient treatment of inference (see Section 4.3).
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Figure 8: Barton data set, Query 6

Figure 8 shows the results with Barton Query 6, which com-
bines BQ2 and BQ5. Although the Hexastore maintains its
advantages, these are obscured by the final aggregation step.
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Figure 9: Barton data set, Query 7

Finally, the results for Barton Query 7 are shown in Figure
9. The advantage of both COVP2 and Hexastore, thanks to
the fast retrieval with the pos index, is again clear.
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Figure 10: LUBM data set, Query 1

5.3.2 LUBM Queries

Figure 10 presents the time measurement results for LUBM
Query 1. The advantage of the Hexastore, thanks to the

direct exploitation of its osp indexing, is clear. COVP2 also
does better than COVP1, but still di↵ers from the Hexastore
by two orders of magnitude.
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Figure 11: LUBM data set, Query 2

The results with LUBM Query 2 are shown in Figure 11.
In this case the Hexastore exhibits a clear performance ad-
vantage, while a growth trend is more visible. The growth
is due to the fact the more triples associated with the given
university object are entered in the data set as it grows.
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Figure 12: LUBM data set, Query 3

Figure 12 depicts the results with LUBM Query 3. The
performance advantage of the Hexastore reaches three orders
of magnitude again. COVP2 performs better with this query,
thanks to its exploitation of the pos index. However, it still
does not match the e�ciency of the Hexastore.
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Figure 13: LUBM data set, Query 4

Figure 13 shows the performance picture for LUBM Query
4. In this case, the performance of the Hexastore achieves a
di↵erence of four to five orders of magnitude from that of
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COVP1. This di↵erence is due to the convenient use of the
osp index by the Hexastore, in place of complex joins for all
properties by COVP1. COVP2 performs well, but still does
not match the e�ciency of the Hexastore.
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Figure 14: LUBM data set, Query 5

Last, Figure 14 depicts the results for LUBM Query 5. Hexa-
store gains an advantage of two to three orders of magnitude
in comparison to the other schemes. This result highlights
the benefits gained from the use of the sop index, as opposed
to scanning through all property tables. COVP2 scales bet-
ter than COVP1 , thanks to the double advantages gained by
the use of the pos index, yet it does not match the Hexastore.

5.3.3 Memory Usage

Figure 15 presents the memory usage measurements with
the two employed data sets. In practice, Hexastore requires
a four-fold increase in memory in comparison to COVP1,
which is an a↵ordable cost for the derived advantages.
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6. DISCUSSION AND LIMITATIONS
Our results on lower query response time of the Hexastore
vis-à-vis our representation of the property-based column-
oriented approach as COVP1 were expected. Apart from
the question of handling updates, a question of the parsi-
moniousness of storage emerges. The Hexastore is concise
in its individual representations, but the replication of these
representations in a five-fold manner may exceed the avail-
able storage capacity. As we have argued, it is worthwhile
to invest in predictable additional storage in order to gain in
e�ciency and scalability. Besides, some indices may not con-
tribute to query e�ciency based on a given workload. For
example, the ops index has been seldom used in our experi-
ments. A subject for future research concerns the selection
of the most suitable indices for a given RDF data set based
on the query workload at hand. Database cracking has been
suggested as a method to address index maintenance as part
of query processing using continuous physical reorganization
[32, 30, 29]. An interesting question is to examine whether
such an approach can be adapted to Hexastore maintenance.

7. CONCLUSIONS
In this paper we have proposed the Hexastore, an architec-
ture for Semantic Web data management. This architecture
turns the triple nature of RDF from a liability, as it has
conventionally been seen, to an asset. We have shown that,
thanks to the deterministic, triple nature of RDF data, they
can be stored in a sextuple-indexing scheme that features a
worst-case five-fold storage increase in comparison to a con-
ventional triples table. Moreover, our scheme enhances on
previously proposed architectures, such as limited multiple-
indexing schemes, property-table solutions, and the most
recently proposed vertical-partitioning scheme implemented
on a column-oriented system. Still, we have taken the ra-
tionale of those schemes to its full logical conclusion. As
our experimental study has shown, the Hexastore allows for
quick and scalable general-purpose query processing, and
confers advantages of up to five orders of magnitude in com-
parison to previous approaches. These benefits derive from
the convenience that a Hexastore o↵ers. Remarkably, first-
step pairwise joins in a Hexastore can be rendered as merge
joins. In the future, we intend to examine how cracking
techniques can be applied on a Hexastore. Moreover, we in-
tend to implement a fully operational disk-based Hexastore
and compare it to other RDF data storage schemes as well
as to relational DBMSs on data management tasks that can
be defined on both an RDF and a relational environment.
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COVP1. This di↵erence is due to the convenient use of the
osp index by the Hexastore, in place of complex joins for all
properties by COVP1. COVP2 performs well, but still does
not match the e�ciency of the Hexastore.
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Last, Figure 14 depicts the results for LUBM Query 5. Hexa-
store gains an advantage of two to three orders of magnitude
in comparison to the other schemes. This result highlights
the benefits gained from the use of the sop index, as opposed
to scanning through all property tables. COVP2 scales bet-
ter than COVP1 , thanks to the double advantages gained by
the use of the pos index, yet it does not match the Hexastore.

5.3.3 Memory Usage

Figure 15 presents the memory usage measurements with
the two employed data sets. In practice, Hexastore requires
a four-fold increase in memory in comparison to COVP1,
which is an a↵ordable cost for the derived advantages.
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6. DISCUSSION AND LIMITATIONS
Our results on lower query response time of the Hexastore
vis-à-vis our representation of the property-based column-
oriented approach as COVP1 were expected. Apart from
the question of handling updates, a question of the parsi-
moniousness of storage emerges. The Hexastore is concise
in its individual representations, but the replication of these
representations in a five-fold manner may exceed the avail-
able storage capacity. As we have argued, it is worthwhile
to invest in predictable additional storage in order to gain in
e�ciency and scalability. Besides, some indices may not con-
tribute to query e�ciency based on a given workload. For
example, the ops index has been seldom used in our experi-
ments. A subject for future research concerns the selection
of the most suitable indices for a given RDF data set based
on the query workload at hand. Database cracking has been
suggested as a method to address index maintenance as part
of query processing using continuous physical reorganization
[32, 30, 29]. An interesting question is to examine whether
such an approach can be adapted to Hexastore maintenance.

7. CONCLUSIONS
In this paper we have proposed the Hexastore, an architec-
ture for Semantic Web data management. This architecture
turns the triple nature of RDF from a liability, as it has
conventionally been seen, to an asset. We have shown that,
thanks to the deterministic, triple nature of RDF data, they
can be stored in a sextuple-indexing scheme that features a
worst-case five-fold storage increase in comparison to a con-
ventional triples table. Moreover, our scheme enhances on
previously proposed architectures, such as limited multiple-
indexing schemes, property-table solutions, and the most
recently proposed vertical-partitioning scheme implemented
on a column-oriented system. Still, we have taken the ra-
tionale of those schemes to its full logical conclusion. As
our experimental study has shown, the Hexastore allows for
quick and scalable general-purpose query processing, and
confers advantages of up to five orders of magnitude in com-
parison to previous approaches. These benefits derive from
the convenience that a Hexastore o↵ers. Remarkably, first-
step pairwise joins in a Hexastore can be rendered as merge
joins. In the future, we intend to examine how cracking
techniques can be applied on a Hexastore. Moreover, we in-
tend to implement a fully operational disk-based Hexastore
and compare it to other RDF data storage schemes as well
as to relational DBMSs on data management tasks that can
be defined on both an RDF and a relational environment.
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Conclusion	
  &	
  Future	
  Work:	
  
•  Hexastore	
  allows	
  for	
  efficient	
  and	
  scalable	
  general-­‐purpose	
  query	
  

processing.	
  

•  It	
  offers	
  advantages	
  of	
  up	
  to	
  five	
  orders	
  of	
  magnitude	
  in	
  comparison	
  
to	
  previous	
  approaches.	
  

•  The	
  Hexastore	
  is	
  concise	
  in	
  its	
  individual	
  representa6ons,	
  but	
  the	
  
replica6on	
  of	
  these	
  representa6ons	
  in	
  a	
  five-­‐fold	
  manner	
  may	
  
exceed	
  the	
  available	
  storage	
  capacity.	
  

•  Some	
  indices	
  may	
  be	
  rarely	
  used	
  in	
  a	
  specific	
  workload;	
  inves6gate	
  
the	
  automa6c/adap6ve	
  selec6on	
  of	
  the	
  most	
  suitable	
  indices	
  to	
  
materialize.	
  

•  Apply	
  Database	
  Cracking	
  techniques	
  to	
  Hexastore	
  (incremental	
  and	
  
adap6ve	
  indexing	
  abili6es).	
  



	
  
Thank	
  You!	
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