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Abstract. Since the first publication of RDF researchers developed sys-
tems to store and to query RDF data efficiently on secondary storage.
First, they mapped the RDF data model to the relational one. As re-
lational databases performed poorly for generic RDF graphs researches
focused on native repositories using B-trees to index triples in most cases.
However, native repositories still calculate the result of a query by joining
single triples.
Because queries can be decomposed into star-like graph patterns we ar-
gue that managing RDF data as a set of subgraphs has advantages over
existing approaches. Thus, we propose a storage model that manages an
RDF graph as a collection of subgraphs and evaluates queries by joining
the results of star-like subqueries. In cause of the results of some prelim-
inary tests we are confident that a system based on our approach can
efficiently process queries.

1 Introduction

The Resource Description Framework (RDF) [15] is a recommendation of the
W3C that basically defines a data model for describing information about entities
(resources) across system boundaries. A piece of information is represented as a
triple consisting of the considered resource, a property resource, and the value
for that property (a resource or a literal). Every resource is uniquely identified by
a URI. The components of the triple are often referred to as subject, predicate,
and object, respectively. Having unique identifiers for resources a set of triples
forms a graph considering subjects and objects as nodes and predicates as edges.

Since the first publication of the RDF specification researchers developed
various systems to store and to query RDF data efficiently. At the beginning
they focused on mapping the RDF data model to relational one because rela-
tional database management systems (RDBMS) have been researched for many
many years and perform very well in almost all application scenarios. However,
researchers recognized soon that storing RDF data into a relational database
raises performance issues when querying the data (e.g., results in many (self)
joins). Due to the openness of the RDF data model it is also difficult to define
a fixed relational schema (e.g., many multivalued and optional properties).

As a consequence, researches developed hybrid and native RDF reposito-
ries. Hybrid RDF repositories use object-oriented features of object-relational
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databases to transfer parts of the RDF schema into the relational schema. In
contrast, native repositories do not rely on RDBMS at all but store the RDF
triples in a set of indexes, e.g., (specialized) B-trees. Native stores still calculate
the result of a query by iterating over the variable bindings of its triple patterns.
Thus, the processing is similar to the one of joins in RDBMS.

In this paper we present a native RDF repository that manages an RDF
graph as a collection of subgraphs and evaluates queries by joining the results
of star-like subqueries. We consider a subquery as star-like if it contains a basic
graph pattern that triple patterns have all the same subject (either resource URI
or variable). In contrast to existing approaches all triples matching a star-like
subqueries can be accessed by loading a single database page.

In Section 2 we give an overview of existing approaches to store RDF graphs.
Afterwards, we describe our approach: We outline first the design goals of our
storage model in Section 3. We describe then the storage model in detail (Sec-
tion 4) and explain basic operations on RDF graphs (Section 5). In Section 6 we
present an estimation of the required disc space for storing RDF data and ana-
lyze the complexity of the basic operations. In Section 7 we present and discuss
preliminary results of evaluating our approach. Finally, we conclude and give an
outlook to future work in the last section.

2 Related work

In this section we give a short overview of existing approaches to manage RDF
data. Hereby, we concentrate on repositories that store the data on secondary
storage and are designed to run on single machines (cf. Table 1). We exclude ex-
plicitely clustered approaches from our considerations because they are designed
for a different use case than our storage model and, thus, other challenges are in
the focus of research.

We can distinguish two main categories of RDF storage models: Relational
based and native approaches (cf. Figure 1). Regarding relational storage models
we can distinguish between schema oblivious, schema aware, and hybrid. Schema
oblivious approaches rely on a single database relation storing all triples. The
key advantage of this model is that any RDF model can easily be imported
without considering its schema. However, the query engine has to consider the
complete database for evaluating a query and large queries require expensive
self-join operations. Schema aware approaches convert the schema of an RDF
graph to a relational schema, e.g., the database contains a relation for each
property of the graph. Since the data is distributed over several relations the
query engine can selectively access the underlying RDF data for processing of
a query; although the resulting SQL queries get more complex. Thus, it can
answer queries more efficiently than in the schema oblivious case. In return for
efficient query processing changes of the RDF data require sophisticated update
operations because they may also affect the database schema (e.g., adding or
deleting relations). Hybrid approaches try to combine the advantages of the two
other models by using dedicated relations for certain (frequent) properties and
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System Reference Storage model Status

3store [11] schema oblivious open source, inactive
AllegroGraph [10] native commercial
Hexa-Store [24] native open source
HPRD [17] native scientific
Jena2 SDB [26] hybrid open source
Jena2 TDB [1] native open source
Kowari [27] native open source, inactive
Oracle [8] schema oblivious commercial
RDF-3X [20] triple index scientific
RDFSuite [2] hybrid inactive
RStar [18] hybrid scientific
Sesame [7] schema aware, native open source
System Π [28] native scientific
Virtuoso [21] native commercial
YARS2 [13] native scientific
N.N. [19] schema aware scientific

Table 1. RDF repositories and their storage model

RDF repositories

based on B-trees
native

schema aware

schema oblivious

based on RDBMS

RDF specific model

hybrid

Fig. 1. Categories of RDF storage models

storing the remaining triples in a single relation. The characteristics of query
processing are similar to the one in schema aware approaches. In each category
there exist several variations and optimizations which we do not discuss here
due to limited space.

Most native storage models rely on indexing triples (quadruples) in several
B-trees. In [12] the author came to the result that eight indexes are sufficient to
cover all possible access patterns to the data of named graphs. Only three are
needed if named graphs are not considered. Besides B-trees some other systems
such as RDF-3X use also other types of indexes (e.g., bitset indexes) to improve
query performance and to reduce the amount of disc space occupied by indexes.
So far only a few approaches considered indexing property paths separately [17]
but this may change with the next version of SPARQL. Besides storage models
based on B-trees there exist also approaches that propose different DBMS (e.g.,
deductive DBMS [25]).

In contrast to all mentioned approaches we propose a native RDF storage
model that groups related triples on a database page. In addition, all triples
matching a star-like subqueries can be accessed by loading a single database
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page. Another difference is that our indexes point to database pages containing
the triples rather than storing them.

3 Design goals

Although the storage models presented in the previous section are based on very
different access structures, we derived the following fundamental ideas and best
practices for realizing an RDF repository.

Reduce join operations. As a consequence of the triple based data model
joining triples is an essential operation. Causing significant costs during
query processing it is important minimizing the number of join operations.

Normalize URIs. Managing strings unmodified, e.g., URIs and literals, causes
performance problems because they are often long. On the one hand com-
parisons are expensive and on the other one they consume more disc space if
they occur often. Thus, strings are normalized in all performant repositories.

Adequate disc consumption. Although disc space is inexpensive nowadays
the system should deal with the disc space sparingly. Although replicating
data for indexing purposes improves query performance the time for import-
ing and updating data may increase.

Equal weighting of queries. A variable can occur at all positions in a triple
pattern. Although some positions are more common an RDF repository
should support all queries with similar performance.

Multivalued, optional properties. The semantics of RDF allow multiple val-
ues for a property of a resource [14]. In addition, it does not guarantees the
presence of a property. As a result RDF graphs have often an unpredictable
schema which the repository has nevertheless to handle efficiently.

Although (expensive) solid state discs allow random access to data nowadays
we also aim at reducing the number of IO operations. This goal is not induced
by the RDF data model but can be considered as a generally accepted rule for
improving query performance in database context.

4 Storage concept

To achieve the above design goals we exploit characteristics of RDF data and its
usage: (i) resources have unique identifiers, (ii) many properties are assigned to
a single resource, (iii) resources of the same rdf:type have similar properties,
and (iv) locality of queries.

The first characteristic is directly defined in the RDF specification and helps
us to locate a resource easily in our repository. The second one we derived from
the fact that RDF was designed to describe resources by defining their properties.
Taking the well-known DBpedia dataset as an example, we derived from Table 2
in [4] that the ration between the number of resources and the number of triples
is about 2.8 · 106 : 70.2 · 106 = 1 : 25. Our assumption is also supported by
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widely accepted benchmarks SP 2Bench [23] and BSBM [5] which are based on
real-world scenarios. The third point is of course only meaningful if the type is
not rdfs:Resource. It is based on the assumption that similar entities share
similar properties and, therefore, all entities are relevant to a query if one of
them is. The thought behind the last one being that queries are likely to be
a combination of star-like subqueries. As a consequence, a query engine has to
process several triples with the same subject.

The starting point of our storage model is the lowest level of database design,
the physical data organization on database pages (page for short). Developing
the storage model we focused mainly on reducing the number of join operations
during query processing and the number of pages loaded from secondary storage.
Instead of having tuples with a predefined set of attributes on a database page
as it is the case in relational databases we pay tribute to the openness of the
RDF data model and store a resource (subject) together with all properties and
their values on a page. Due to this organization of triples the query engine can
easily determine the one page containing all triples of a given resource and does
not need to perform join operations to retrieve them. In the unlikely event that
the triples belonging to a resource do not fit onto a page – a 32k page can store
about 8k triples – then the system creates an overflow page. As a consequence,
the storage model is independent of the underlying RDF schema, e.g., the system
can easily manage optional and multivalued properties. To optimize the number
of IO operations further we also group resources according to their rdf:type

because we think that queries refer often to same kind of entities. Both design
decisions increase the probability that a query engine finds relevant triples on
the currently processed page or on a recently loaded one.

In the following we formalize the mapping of RDF graphs to database pages.
First, we introduce the terms database page and database.

Definition 1 (Database page). A database page p is a persistent storage area
of a predefined size ‖p‖. We refer to the set of all pages as the symbol P.

Each database page is assigned a unique identifier. To express that a page p
contains a triple of an RDF graph, t ∈ G, we write t ∈ p. We refer to the size of
a page as ‖p‖ and to the number of triples per page as |p|. We use the notations
‖ts‖, ‖tp‖ and ‖to‖ to note the required space for the subject, predicate, or object
of a triple t, respectively.

Definition 2 (Database). A database D is defined as a set of database pages:
D = {p : p ∈ P}.

We write |D| to refer to the number of pages belonging to a database. Finally,
the following definition describes how triples are distributed onto pages.

Definition 3 (Storage mapping). Let G1, . . . , Gn ∈ G be RDF graphs and D
a database. The triples of the graphs are stored w.r.t. the following criteria:

(i) All triples t of a page p belong to the same graph Gi:

∀p ∈ D∀ti, tj ∈ p∃Gi ∈ {G1, . . . , Gn} : ti ∈ Gi ∧ tk ∈ Gi
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(ii) All resources ts of a page p have the same rdf:type τ :

∀p ∈ D∀ti, tj ∈ p : τ(tsi ) = τ(tsk)

(iii) All triples t having the same subject ts are stored on the same page p:

∀Gi ∈ {G1, . . . , Gn}∀ti, tk ∈ Gi : tsi = tsk ∧ ti ∈ p1 ∧ tk ∈ p2 ⇒ p1 = p2

(iv) URIs and literals are normalized using bijective mapping ι : I ∪ L→ N.

Figure 2 illustrates the mapping of an RDF graph to database pages. After
normalizing URIs and literals triples are stored on different pages according to
the type of their subject, e.g., page 2 contains only triples of proceedings. Thus,
pages are implicitly linked by these, e.g., ex:pers1 links the two pages.

Normalization

ID Value

1 ex:proc1

2 ex:proc2

3 ex:pers1

4 ex:pers2

5 foaf:person

6 "John Due"

7 . . .

PID 2: Proceeding PID 1: Person

2

1
3

3

4

6

5

Fig. 2. Mapping of an RDF graph to database pages (properties are omitted)

The internal structure of a page is schematically shown on the left side of
Figure 3. It is divided into head and body. The head contains metadata such as
the page ID as well as the types and the number of stored subject resources3.
The body contains the actual triples, however, split into their components. A
triple index is used to manage the relationship between subjects and their cor-
responding predicates and objects (right side of Figure 3). For example, the first
entry of the triple index contains the address of the first predicate/object of the
first subject, the second entry for the first predicate/object of the second sub-
ject, and so on. The advantages of this column-store-like layout are that it eases
the implementation (e.g., mapping a page to the domain model in a program-
ming language), subjects are not repeated, and the system can easily access all
components of the triples and iterate over them.

Besides the mapping of triples to pages we need also access structures al-
lowing an efficient localization of triples in the database. For this reason we
maintain indexes on subjects, predicates, and objects providing the addresses of
triples. In the case of indexing subjects it is sufficient to know a mapping from
a subject ID to the corresponding page because all triples of a given subject can
only occur on a single page. In the case of predicates and objects we use bitset
indexes that encode the address of matching triples (cf. Figure 4) – one bitset
for each distinct property and object.

3 A subject may have multiple types but all subjects on a page must have the same.
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Head

Page ID Type IDs #Subject

Body

Triple index

Subject IDs

Predicate IDs

Object IDs

o31o23o22o21o12o11

p31p23p22p21p12p11

s3s2s1

6520

0 2 4 6

Triple index

Subject IDs

Predicate IDs

Object IDs

Fig. 3. Internal structure of a page: Schematic representation (left) and detail view of
the body (right)

10…10…010

0 2 12 63

Slot of the subject Page ID

Fig. 4. Interpreting a position
within a bitset

Bitset indexes have the advantage that
the system can answer multidimensional point
queries efficiently by combining them (logical
AND or OR). Thus, it is possible locate effi-
ciently triples having a certain combination of
predicate and object or subjects having certain
objects as property values. We use the algo-
rithms of [29] to process bitsets in a compressed form.

For providing a fulltext search on literals the system has to maintain a ded-
icated index (e.g., a Lucene index) because bitsets are not very useful in this
case. Since text retrieval is well researched we do not consider it in this paper.

5 Operations

In this section we describe the most important operations on the previously
defined storage model: querying the repository as well as adding and removing
triples. Executing update operations the system has to ensure the consistency
of the database according to Definition 3.

Query processing. Regarding query processing we only consider basic graph pat-
terns in this paper because they form the fundamental building block of SPARQL
queries [22]. First of all we want to note that any query can be decomposed into
joins of star-like patterns – a special form is a single triple pattern. We do not
go into details on join algorithms at the moment because they are well-known
from relational databases.

To compute the variable bindings for a star-like basic graph pattern (BGP)
we distinguish two cases: (1) patterns with a given subject and (2) patterns
with a variable as subject. For queries of the first type (lines 4–6, Algorithm 1)
the query engine uses the subject index to determine the page ID storing the
triples with the given subject. Then, it loads this page from secondary storage
and generates the variable bindings by matching the BGP and the stored triples.
In the second case (lines 8–22) the query engine loads all bitsets corresponding
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to the constant predicates and objects of the query and computes their logical
AND. Based on the resulting bitset the query engine can determine the pages
which may contain relevant triples (line 19). It loads these pages one after the
other and scans them for matching subgraphs.

Algorithm 1 matchStarBGP(BGP bgp) : VariableBindings

1: bindings = ∅
2: tp = bgp.first {first triple pattern}
3: if (!isVariable(tp.subject)) then
4: address = subjectIdx.get(tp.subject)
5: page = load(address.pageId)
6: bindings = match(page, address.slot, tp)
7: else
8: bitset = ∼ 0 {bitset with all bits set}
9: for (TriplePattern tp : bgp) do

10: if (!isVariable(tp.predicate)) then
11: bitset &= predicateIdx.get(tp.predicate)
12: end if
13: if (!isVariable(tp.object)) then
14: bitset &= objectIdx.get(tp.object)
15: end if
16: end for
17:
18: pageIds = subjectIdx.get(bitset) {determine the page IDs of subjects}
19: for (pid : pageIds) do
20: page = load(pid)
21: bindings += match(page, tp)
22: end for
23: end if
24: return bindings

Algorithm 1 realizes only a naive approach to determine relevant pages. A
real query engine would also consider statistical data about resources. The query
engine can furthermore use bitset indexes to support evaluating filter expressions
at a very early stage, e.g., before loading any data from secondary storage.

Adding triples. Algorithm 2 gives the pseudocode for adding triples. Its input is
a normalized triple constructed by applying the mapping function to the triple.
Next, the system checks if the predicate of the new triple is rdf:type because this
information is required to locate an appropriate page for storing it. If the triple
does not contain type information then the type rdfs:Resource is assumed as
defined in [6] (line 1–4). Depending on the existences of triples having the same
subject as the new triple the system has either to load the corresponding page
(line 7) or to locate a page with an appropriate type using the predicate index
(line 9) – if such a page does not exist then a new one is allocated. The new triple
is then added to the page. Lines 13 and 15 handle two special cases: Balancing
the pages and restoring the storage constraints. In the first case the system has
to ensure that there is enough free space on the page to store the triple because
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a page can only store a limited number of triples. In the event of an overflow it
allocates a new page and distributes the triples as equally as possible over the
two pages. Hereby, it always guarantees the constraints of Definition 3. In the
second case the type constraint is violated, e.g., the new triple states a type of
the subject different from the types of the page. The new type of the subject
resource is determined as follows: τ(ts) = to ∪ τ(p). This type is used to find a
new page for storing all triples with the given subject. Finally, all indexes have
to be updated. Adding a completely new triple this step requires only updating
three index entries. In the worst case – pages need to be balanced – the system
has to update all index entries belonging to moved triples.

Algorithm 2 insertTriple(NormalizedTriple t) : void

1: type = rdf:resource

2: if (t.predicate = rdf:type) then
3: type = t.object
4: end if
5: pageId = subjectIdx.get(t.subject)
6: if (pageId) then
7: page = load(pageId)
8: else
9: page = findOrAllocatePage(type)

10: end if
11: addTriple(page, t)
12: if (type ∈ τ(page)) then
13: balancePage(page)
14: else
15: restoreTypeContraint(page, t) {pages are also balanced}
16: end if
17: updateIndexes(t)

Deleting triples. As illustrated in Algorithm 3 the system uses first the subject
index to locate the page containing the subject of the triple to be removed.
The corresponding page is then loaded from secondary storage and the triple is
deleted from the page (lines 3 and 4). Deleting triples can lead to underfull pages.
To avoid loading many almost empty pages during query processing the system
balances pages and ensures a minimal allocation. Furthermore, the predicate of
the triple may be rdf:type. In this case the system has to restore the consistency
of the repository (line 6). Finally, it has also to update the indexes – the best
and worst cases are similar to adding a triple.

6 Analysis

In this section we first estimate the disc space needed to store RDF data. We
look then at the complexity of the operations described in the previous section.
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Algorithm 3 deleteTriple(NormalizedTriple t) : void

1: pageId = subjectIdx.get(t.subject)
2: if (pageId) then
3: page = load(pageId)
4: deleteTriple(page, t)
5: if (t.predicate = rdf:type) then
6: restoreTypeContraint(page, t) {pages are also balanced}
7: else
8: balancePage(page) {removes empty pages}
9: end if

10: updateIndexes(t)
11: end if

6.1 Data complexity

We measure data complexity of our storage model in terms of allocated database
pages. To estimate the number of pages needed for storing an RDF graph we
first have to know how many triples can be stored onto a page. In the following
we consider only the size of the body of a page because the size of the head is
almost constant and negligible small in relation to the size of the body. Thus,
the number of triples that fit onto a page depends on the page size ‖p‖ and the
required space for triples m‖ts‖ + n(‖tp‖ + ‖to‖) with m being the number of
subjects and n being the number of triples. Since subject IDs are not repeated
we have a minimal (formula 1) and a maximal (formula 2) number of triples
per page, e.g., all triples have a distinct or the same subject, respectively. If the
space of a page is fully allocated then we can calculate these values as follows:

‖p‖ = m‖ts‖+ n(‖tp‖+ ‖to‖)
m=n
=⇒ nmin =

‖p‖
‖ts‖+ ‖tp‖+ ‖to‖

(1)

m=1
=⇒ nmax =

‖p‖ − ‖ts‖
‖tp‖+ ‖to‖

‖p‖�‖ts‖
=⇒ nmax ≈

‖p‖
‖tp‖+ ‖to‖

(2)

In Table 2 we compiled the approximate minimal and maximal numbers of
triples per page for typical page sizes. In this calculation the sizes of an ID and
an entry in the triple index are 8 and 2 bytes, respectively.

‖p‖ 8 kB 16 kB 32 kB 64 kB

∼ nmin 300 600 1,200 2,400
∼ nmax 500 1,000 2,000 4,000

Table 2. Number of triples per page

Given the above formula we can derive
formula for the minimal and maximal num-
ber of pages required to store an RDF graph
G (formula 3 and 4, respectively). However,
there is a lower bound (formula 5) for even
small graphs that is induced by Definition 3;
the system has to allocate at least one page for each type of resource (τG).
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|D|min =
∑
k∈τG

|{t ∈ G : τ(ts) = k}|
nmax

(3)

|D|max =
∑
k∈τG

|{t ∈ G : τ(ts) = k}|
nmin

(4)

|D|lb = |τG| (5)

Besides the space required to store the triples the indexes for subjects, prop-
erties, and objects occupy disc space as well. As already mentioned the subject
index contains only a mapping of subject IDs to page IDs; thus, a B-tree can be
used. Based on [3] the data complexity is O(N), N being the number of indexed
values. According to [4] DBpedia contains for example 2, 8 · 106 resources. As-
suming a page size of 16 kB and a pointer size of 8 bytes the subject index would
require about 2,740 pages and occupy 42 MB of disc space. Since the nodes of a
B-tree have typically a large number of entries, the system can hold at least the
first two levels of a B-tree in main memory.

The predicate and object indexes in contrast are based on bitset indexes.
Our estimations for the required disc space are based on the WAH compressed
bitset [29]. WAH bitsets are organized in words of 32 or 64 bits and are com-
pressed word by word. The author estimates the size of a bitset as 2N in the
worst case, e.g., all bits are set. To put the size of a bitset into relationship with
B-trees, Wu et al. [29] mentions that a B-tree occupies 3N ∼ 4N words. In the
context of our storage model N equals the number of managed triples. Due to
the characteristics of RDF data we can assume that the worst case will never
occur and the sizes of bitsets are much smaller. We can use the following formula
to calculate the number of pages occupied by an index:

|pBitset| =
‖w‖ · 2N
‖p‖

, ‖w‖= word size

Further compression strategies are applicable, e.g., K-of-N encoding, but they
would require decompression during query evaluation and, thus, increase the
overall processing time most likely.

In the proposed storage model we need a bitset for each distinct property
and object. Therefore, the system has to manage O(|P |N+ |O|N) bitsets, where
|P | and |O| are the number of properties and objects, respectively. We use a
B-tree to locate the bitset corresponding to a resource. Please note, Lemire et
al. assess in [16] that a system can efficiently manage even 100 million bitsets.

As an example, we determined the number of distinct properties and objects
of DBpedia (Version 3.4). It contains about 44 ·106 triples, about 52.500 distinct
properties, and 9.8 ·106 distinct objects (5.9 ·106 literals and 3.8 ·106 Resources).
Since the required space depends on the number of set bits, we also determined
the number of triples having a given property or object.

Only a few properties occurred in more that a thousand triples (cf. Table 3)
which is a very acceptable fraction w.r.t. bitsets. Assuming the worst case for
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WAH bitsets – each set bit has to represented with 2 bytes – then a bitset with
1000 k set bits would require 250 pages and occupy 8 MB (page size 32 k). In
general, however, the system can access almost all bitsets (about 98.2 %) with
a single load operation.

cardinality > 1000k 500k > 100k > 50k > 10k > 5000
absolute 3 3 59 65 449 379
percentage 0.006 % 0.006 % 0.112 % 0.129 % 0.854 % 0.721 %

cardinality > 1000 > 500 > 100 > 50 > 10 ≤ 10
absolute 1688 1212 6560 4361 9098 32546
percentage 3.209 % 2.304 % 8.292 % 5.191 % 17.298 % 61.879 %

Table 3. Number of triples per property in DBpedia

Analyzing DBpedia w.r.t. objects we only considered resources because lit-
erals are separately stored in a fulltext index (cf. Table 4). In contrast to the
above numbers there are even fewer triples per object. The largest index has a
size of 0.8 MB and requires only 25 pages (page size 32 k). Thus, the system can
load actually all bitsets (about 99.9 %) accessing the disc once.

cardinality 500k > 100k > 50k > 10k > 5000
absolute 0 10 12 105 125
percentage 0.000 % 3 · 10−4 % 3 · 10−4 % 0.003 % 0.003 %

cardinality > 1000 > 500 > 100 > 50 > 10 ≤ 10
absolute 991 1228 10057 12010 93049 3.8 · 106

percentage 0.026 % 0.032 % 0.261 % 0.311 % 2.412 % 96.953 %

Table 4. Number of triples per object in DBpedia

6.2 Complexity of operations

In the following we analyze the complexity of the operations defined in Section 5
which we measure in number of pages loaded from and written to secondary
storage, including data pages as well as index pages. Before going into details of
operations, we want to note that the complexity of accessing B-trees is O(logbN)
where b is the fanout and N is the number of indexed values [3] because the
system has often to access B-trees to locate data pages.

Query processing. In the following we analyze only the complexity of Algorithm 1
which constructs variable bindings for star-like basic graph patterns. Since arbi-
trary basic graph patterns are decomposed into star-like pattern we have to add
the complexity of joining the variable bindings for arbitrary basic graph pattern.

The complexity of Algorithm 1 depends on if the subject of the pattern is
given. If it is known then the query engine has only to access the subject index (B-
tree) to find the corresponding data page. Independently of the pattern size, this
page contains all triples to answer the query. Thus, the complexity is O(logbN).
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In the case that the subject is not given the complexity is made up of (1) iden-
tifying the data pages to be loaded and (2) loading these pages to match the
pattern. To identify the relevant pages the query engine combines the bitsets
of the constant predicates and objects, e.g., a pages can only be relevant if it
contains all resources contained in the BGP. This step requires to locate the
relevant bitsets and to load them. In the worst case the complexity is as follows:

O((|tpQ|+ |t
o
Q|) logbN︸ ︷︷ ︸

#accesses B-tree

+ (|tpQ|+ |t
o
Q|)2N︸ ︷︷ ︸

#accesses bitsets

)

where |tpQ| and |toQ| are the numbers of constant predicates and objects, respec-
tively. The 2N in the second part is the complexity of accessing the bitsets. As
illustrated in the previous section these values are almost always very small, e.g.,
a page per bitset in the worst case. Thus, the complexity of step (1) depends
only on the number of constants of the BGP but not on the size of the database.
The complexity of step (2) is determined by the size of the solution O(|S|), e.g.,
in the worst case the query engine has to access a page per triple. However, since
we cluster the triples according to the type of the subject the worst case will
occur rarely. As a result the complexity of both steps is

O((|tpQ|+ |t
o
Q|) logbN + (|tpQ|+ |t

o
Q|)2N + |S|)

Adding and deleting triples Considering both operations only the following op-
erations are relevant for determining their complexity: (1) Locating and loading
of the affected page and writing it back, (2) updating the subject index, and
(3) updating the predicate and object indexes. Regarding the first two steps
the complexity is dominated by the operations on B-tree of the subject index
(O(logbN) because the system needs to read and to write only a few pages,
e.g., one page in the best case and two pages if balancing is required. In the
worst case of a type conflict the system has to find an appropriate page which
requires accessing the bitset of rdf:type and the one of the type resources. The
complexity is comparable to the one of a query. Considering the second step the
system has update two bitsets in the best case resulting in 2·2N

‖p‖ + 2·2N
‖p‖ read and

write operations – all bits being set. In the worst case when balancing is required
then the system has to access more pages. Their number depends on the number
of distinct predicates objects of the moved triples.

7 Evaluation

We implemented the proposed storage model in Java and run some preliminary
test to evaluate our approach. As illustrated in Figure 5 the key components of
our system are based on existing software. At the lowest level we use a Berkeley
DB for storing database pages, the subject index, as well as the bitsets of the
predicate and object indexes. The main reasons for a Berkeley DB are that it
can efficiently manage key value pairs – values can be arbitrary objects – and
we wanted to focus on implementing our storage model.
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Page Manager
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Jena2
TripleStore

Berkeley DB

Index

Fig. 5. Architecture of
the RDF repository

On top of the Berkeley DB we implemented a page
manager and an index manager. The page manager
is responsible for mapping page IDs (key) to pages
(value) and to convert them to Java objects. The index
manager maintains the subject, predicate, and object
indexes. In case of the subject index the key is a re-
source ID and the value a page ID; in case of the others
the key is a resource ID and the value is a bitset.

To reduce the effort for implementing components
of an RDF repository such as the RDF data model
and SPARQL query engine we adapted Jena2 and
ARQ [26], a SPARQL processor for Jena. Inside Jena we created the infras-
tructure for reading and writing RDF graphs using the presented storage model,
e.g., a TripleStore based on normalized triples. In the query processor ARQ we
had to replace the implementation of filtered BGPs because the original classes
could not take advantage of the new storage model. Thus, we implemented an
operator that recognizes star-like BGPs and evaluates them separately. If the
query contains several star-like pattern the join is currenty performed by ARQ.

We run some preliminary tests to validate the feasibility of our storage model.
Table 6 presents the processing time of evaluating star-like BGPs of different
sizes and varying result sizes; the subject was always a variable. The underly-
ing dataset was generated using BSBM [5] and containing 300 k triples. As a
reference we also present the processing times of the same queries using Jena
SDB [26] and RDF-3X [20]. The first one we chose because our system is based
on Jena + ARQ and RDF-3X because it is one of the most performant RDF
repositories. Looking at the result we feel confident that our storage model is
competitive. While the processing time of the other two systems increases with
larger BGPs the one of our system remains almost constant. The last query shows
that retrieving larger result sets increases the processing time significantly in our
system. Our explanation for this behavior is that the data distribution is not
favorable, e.g., a clustering of resources based on rdf:type is not sufficient.

Query |Q| |S| SDB RDF-3X ours

Q1 2 1,000 415 30 110
Q2 4 1,000 849 45 91
Q3 8 1,000 1577 63 151
Q4 11 402 4,440 138 104
Q5 5 20,000 11,000 846 2,042

Fig. 6. Processing time (ms) of BGPs
of different sizes and selectivities

Query |Q| |Filter| σ TDB ours

Q1 3 0 11,850 11,800
Q2 7 0 19,575 25,590
Q3 3 1 2.5 % 4,057 195
Q4 7 1 2.5 % 4,440 452
Q5 3 9 12 % 16,174 1,151
Q5 7 9 12 % 17,253 2,751

Fig. 7. Processing time (ms) of filtered
BGPs

Furthermore, we evaluated the processing of filtered BGPs to validate the
feasibility of using bitset indexes for predicates and objects. Since the indexes
store only URIs and bitsets are best suited for testing on equality the queries
consisted of a star-like pattern with and a filter expression containing zero, one,
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or nine predicates. For example, such filters are used to restrict resources to cer-
tain types. We constructed the filter expressions manually so that they selected
about 2.5 % or 12 % of the dataset (3.5 million triples). Table 7 gives the results
for these queries – in this test set we compared our system with Jena TDB only.
Comparing the processing times of the queries without a filter (rows 1 and 3)
and the one with a filter we are confident that the query engine was able to
reduce the number of candidate pages significantly.

8 Conclusion and future work

In this paper we presented a new approach for managing RDF data. Our storage
model is based on the assumption that a query will often involve several proper-
ties of a resource. Thus, we store all triples having the same subject on the same
database page. To ensure an efficient retrieval of triples we index them using
bitsets. We implemented our storage model using Jena and ARQ as framework.
Although we run only preliminary test – not being exhaustive – they indicate
that the presented model has advantages in computing the results of star-like
BGPs. The system can also process filter expression testing on equality efficiently.

However, our experiments also showed us that we are still open issues which
we address in our future work. For example, joins between two BGPs are cur-
rently computed by ARQ; its join algorithm performs very poorly. Another im-
portant topic is reducing the load time significantly. Besides these two topics
we also work on indexing graph pattern which could span over several star-like
pattern. In combination with our storage model the key advantage is that only
little information is needed even to index complex pattern, e.g., an index entry
would only consist of addresses of subject resources.
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