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Analytical Schema
Example

suited to heterogeneous, semantic-rich corpora of Linked
Open Data. Our contributions are:

• We devise a full-RDF warehousing approach, where
the base data and the warehouse extent are RDF graphs.
This answers to the needs (i), (iii) and (iv) above.

• We introduce RDF Analytical Schemas (AnS), which
are graphs of classes and properties themselves, having
nodes (classes) connected by edges (properties) with
no single central concept (node). This contrasts with
the typical RDW star or snowflake schemas, and caters
to requirement (ii) above. The core idea behind many-
node analytical schemas is to define each node (resp.
edge) by an independent query over the base data.

• We define Analytical Queries (AnQ) over our decen-
tralized analytical schemas. Such queries are highly
flexible in the choice of measures and classifiers
(requirement (v)), while supporting all the classical
analytical cubes and operations (slice, dice etc.).

• We fully implemented our approach in an operational
prototype and empirically demonstrate its interest and
performance.

The remainder of this paper is organized as follows. We
recall RDF data and queries in Sections 2 and 3. Section 4
presents our analytical schemas and queries, and Section 5
studies efficient query evaluation methods. Section 6 intro-
duces typical analytical operations (slice, dice etc.) on our
RDF analytical cubes. We present our experimental evalu-
ation in Section 7, discuss related work, and then conclude.

2. RDF GRAPHS
An RDF graph (or graph, in short) is a set of triples of the

form s p o. A triple states that its subject s has the property
p, and the value of that property is the object o.

We consider only well-formed RDF triples, as per the RDF
specification [33], using uniform resource identifiers (URIs),
typed or un-typed literals (constants) and blank nodes (un-
known URIs or literals).

Notation. We use s, p, o in triples as placeholders. Literals
are shown as strings between quotes, e.g., “string”. Finally,
the set of values – URIs (U), blank nodes (B), literals (L) –
of an RDF graph G is denoted Val(G).

Figure 1 (top) shows how to use triples to describe re-
sources, that is, to express class (unary relation) and prop-
erty (binary relation) assertions. The RDF standard [33]
provides a set of built-in classes and properties, as part of the
rdf: and rdfs: pre-defined namespaces. We use these names-
paces exactly for these classes and properties, e.g., rdf:type
specifies the class(es) to which a resource belongs.

Below, we formalize the representation of an RDF graph
using graph notations. We use f|d to denote the restriction of
a function f to its sub-domain d. Our formalization follows
the RDF standard [33].

Definition 1. (Graph notation of an RDF graph)
An RDF graph is a labeled directed graph G = 〈N , E , λ〉 with:

• N is the set of nodes, let N 0 denote the nodes in N
having no outgoing edge, and let N>0 = N \ N 0;

• E ⊆ N>0 ×N is the set of directed edges;

• λ : N ∪ E → U ∪ B ∪ L is a labeling function such
that λ|N is injective, with λ|N0 : N 0 → U ∪B ∪L and

λ|N>0 : N>0 → U ∪B, and λ|E : E → U .

Assertion Triple Relational notation

Class s rdf:type o o(s)
Property s p o p(s, o)

Constraint Triple OWA interpretation

Subclass s rdfs:subClassOf o s ⊆ o

Subproperty s rdfs:subPropertyOf o s ⊆ o

Domain typing s rdfs:domain o Πdomain(s) ⊆ o

Range typing s rdfs:range o Πrange(s) ⊆ o

Figure 1: RDF (top) & RDFS (bottom) statements.

G =
{user1 hasName “Bill”, user1 hasAge “28”, user1 friend user3,
user1 bought product1, product1 rdf:type SmartPhone,
user1 worksWith user2, user2 hasAge “40”, . . .}
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Figure 2: Running example: RDF graph.
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Figure 3: Running example: RDF Schema triples.

Example 1. (RDF Graph) We consider an RDF graph
comprising information about users and products. Figure 2
shows some of the triples (top) and depicts the whole dataset
using its graph notation (bottom). The RDF graph features a
resource user1 whose name is “Bill” and whose age is “28”.
Bill works with user2 and is a friend of user3. He is an active
contributor to two blogs, one shared with his co-worker user2.
Bill also bought a SmartPhone and rated it online etc.

A valuable feature of RDF is RDF Schema (RDFS) that
allows enhancing the descriptions in RDF graphs. RDFS
triples declare semantic constraints between the classes and
the properties used in those graphs. Figure 1 (bottom)
shows the allowed constraints and how to express them; do-
main and range denote respectively the first and second at-
tribute of every property. The RDFS constraints (Figure 1)
are interpreted under the open-world assumption (OWA) [7].
For instance, given two relations R1, R2, the OWA interpre-
tation of the constraint R1 ⊆ R2 is: any tuple t in the re-
lation R1 is considered as being also in the relation R2 (the
inclusion constraint propagates t to R2).

Example 2. (RDF Schema) Consider next to the
graph G from Figure 2, the schema depicted in Figure 3. This
schema expresses semantic (or ontological) constraints like
a Phone is a Product, a SmartPhone is a Phone, a Student
is a Person, the domain and range of knows is Person, that
working with someone is one way of knowing her etc.

RDF entailment. Our discussion on constraint interpre-
tation above illustrated an important RDF feature: implicit
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BlogPost = q(x):- x rdf :type Message, x inBlog z , z rdf :type Blog

wrotePost = q(x , y):- x wrote y , y rdf :type Message
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Analytical Schema
AnS

Example 5. (Join Query) Consider the BGP queries q1,
asking for the users having bought a product and their age,
and q2, asking for users having posted in some blog:

q1(x1, x2) :- x1 bought y1, x1 hasAge x2

q2(x1, x3) :- x1 wrote y2, y2 inBlog x3

The join query q1,2(x1, x2) :- q1(x1, x2)∧q2(x1, x3) asks for
the users and their ages, for all the users having posted in a
blog and having bought a product, i.e.,

q✶1,2(x1, x2) :- x1 bought y1, x1 hasAge x2,
x1 wrote y2, y2 inBlog x3

Other join queries can be obtained from q1 and q2 by re-
turning a different subset of the head variables x1, x2, x3,
and/or by changing their order in the query head etc.

4. RDF GRAPH ANALYSIS
We define here the basic ingredients of our approach for

analyzing RDF graphs. An analytical schema is the lens
through which we analyze an RDF graph, as we explain
in Section 4.1. An analytical schema instance is analyzed
with analytical queries, introduced in Section 4.2, modeling
the chosen criteria (a.k.a. dimensions) and measurable or
countable attributes (a.k.a. measures) of the analysis.

4.1 Analytical schema and instance
We model a schema for RDF graph analysis, called ana-

lytical schema, as a labeled directed graph.
From a classical data warehouse analytics perspective,

each node of our analytical schema represents a set of facts
that may be analyzed. Moreover, the facts represented by
an analytical schema node can be analyzed using (as either
dimensions or measures) the schema nodes reachable from
that node. This makes our analytical schema model much
more general than the traditional DW setting where facts
(at the center of a star or snowflake schema) are analyzed
according to a fixed set of dimensions and of measures.
From a Semantic Web perspective, an analytical schema

node corresponds to an RDF class, while an analytical schema
edge connecting two nodes corresponds to an RDF prop-
erty. The instances of these classes and properties, modeling
the DW contents to be further analyzed, are intensionally
defined in the schema, following the well-know “Global As
View” (GAV) approach for data integration [19].

Definition 4. (Analytical Schema) An analytical
schema (AnS) is a labeled directed graph S = 〈N , E , λ, δ〉
in which:

• N is the set of nodes;

• E ⊆ N ×N is the set of directed edges;

• λ : N ∪ E → U is an injective labeling function, map-
ping nodes and edges to URIs;

• δ : N ∪ E → Q is a function assigning to each node
n ∈ N a unary BGP query δ(n) = q(x), and to every
edge e ∈ E a binary BGP query δ(e) = q(x, y).

Notation. We use n and e respectively (possibly with sub-
scripts) to denote AnS nodes and edges. To emphasize
that an edge connects two particular nodes we will place
the nodes in subscript, e.g., en1→n2 .
For simplicity, we assume that through λ, each node in the

AnS defines a new class (not present in the original graph
G), while each edge defines a new property1. Observe that

1In practice, nothing prevents λ from returning URIs of
class/properties from G and/or the RDF model, e.g., rdf:type etc.

n1 : Blogger

e1 : acquaintedWith

n2 : Name

e2 : identifiedBy

n3 : City

e3 : livesIn

n4 : BlogPost

e4 : wrotePost

n5 : Site

e5 : postedOn

n6 : Value

e6 : age

n7 : Iteme7 : purchased

e9 : ratedBy

e10 : cost

n8 : Type

e8 : classifiedAs

Figure 4: Sample Analytical Schema (AnS).

node λ(n) δ(n)

n1 Blogger q(x):- x rdf:type Person, x wrote y, y inBlog z
n2 Name q(x):- y hasName x
n3 City q(x):- y inCity x
n4 BlogPost q(x):- x rdf:type Message,

x inBlog z, z rdf:type Blog
n5 Site q(x):- y inBlog x, x rdf:type Blog
n6 Value q(x):- z rdfs:range xsd:int, y z x
n7 Item q(x):- x rdf:type y, y rdfs:subClassOf Product
n8 Type q(x):- x rdfs:subClassOf Product

edge λ(e) δ(e)

e1 acquaintedWith q(x, y):- z rdfs:subPropertyOf knows, x z y
e2 identifiedBy q(x, y):- x hasName y
e3 livesIn q(x, y):- x hasCity y
e4 wrotePost q(x, y):- x wrote y, y rdf:type Message
e5 postedOn q(x, y):- x rdf:type Message, x inBlog y
e6 age q(x, y):- x rdf:type Person, x hasAge y
e7 purchased q(x, y):- x bought y
e8 classifiedAs q(x, y):- x rdf:type Product, x rdf:type y
e9 ratedBy q(x, y):- y gave z, z rdf:type Rating,

z on x, x rdf:type Product
e10 cost q(x, y):- x hasPrice y

Table 1: Labels and queries of some nodes and edges
of the analytical schema (AnS) shown in Figure 4.

using δ we define a GAV view for each node and edge in
the analytical schema. Just as an analytical schema defines
(and delimits) the data available to the analyst in a typical
relational DW scenario, in our framework, the classes and
properties modeled by an AnS (defined using δ and labeled by
λ) are the only ones visible to further RDF analytics, that is:
analytical queries will be formulated against the AnS and
not against the base data (as Section 4.2 will show). Exam-
ple 6 introduces an AnS for the RDF graph in Figure 3.

Example 6. (Analytical Schema) Figure 4 depicts an
AnS for analyzing bloggers and items. The node and edge
labels appear in the figure, while the BGP queries defining
these nodes and edges are provided in Table 1. In Figure 4
a blogger (n1) may have written posts (e4) which appear on
some site (e5). A person may also have purchased items
(e7) which can be rated (e9). The semantic of the remaining
AnS nodes and edges can be easily inferred.

The nodes and edges of an analytical schema define the
perspective (or lens) through which to analyze an RDF data-
set. This is formalized as follows:

Definition 5. (Instance of an AnS) Let S = 〈N , E ,
λ, δ〉 be an analytical schema and G an RDF graph. The
instance of S w.r.t. G is the RDF graph I(S, G) defined as:

⋃

n∈N
{s rdf:type λ(n) | s ∈ q(G∞) ∧ q = δ(n)}

∪⋃

e∈E
{s λ(e) o | s, o ∈ q(G∞) ∧ q = δ(e)}.

From now on, we denote the instance of an AnS either
I(S, G) or simply I, when that does not lead to confusion.

Figure: Analytical Schema Instance Data sample
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Analytical Queries / Cubes

Analytical Query (AnQ):

Classifiers / Dimensions
Measures
Aggregation function

Number of sites where each blogger posts, classified by the bloggers’s
age and city

< c(x , y1, y2),m(x , z),⊕ >

c(x , y1, y2):- x age y1, x livesIn y2
m(x , z):- x wrotePost y , y postedOn z
⊕:- count
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Analytical Queries Answering
A Query

Number of sites where each blogger posts, classified by the bloggers’s
age and city

SELECT ? B l o g g e r ?Age ? C i t y COUNT(∗ )
WHERE {

? B l o g g e r a B l o g g e r .
? B l o g g e r wrotePost ? BlogPost .
? BlogPost postedOn ? S i t e .
? B l o g g e r age ?Age .
? B l o g g e r l i v e s I n ? C i t y .

}
GROUP BY ? S i t e

They use the language q not SPARQL
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Analytical Queries Answering
Query Reformulation

SELECT ? B l o g g e r ?Age ? C i t y COUNT(∗ )
WHERE {

? B l o g g e r a B l o g g e r .
? B l o g g e r wrotePost ? BlogPost .
? BlogPost postedOn ? S i t e .
? B l o g g e r age ?Age .
? B l o g g e r l i v e s I n ? C i t y .

}
GROUP BY ? S i t e

Blogger = q(x):- x rdf :type Person, x wrote y , y inBlog z

BlogPost = q(x):- x rdf :type Message, x inBlog z , z rdf :type Blog

wrotePost = q(x , y):- x wrote y , y rdf :type Message
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Analytical Queries Answering
Materialization vs Query Reformulation

Materilization

Fast query times

Query Reformulation

Low Storage Cost
No maintanance at update
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Experiments
Setting

Database

kdb+ v3.0
Commercial software
Query language q
In-memory column store
Light weight

Hardware

8-core 2.13 GHz
16 GB RAM
Linux Kernal 2.6.31.14

Data

Ontology and Ontology Infobox from DBpedia
34,000,000 triples (4.4 GB)
Scale by replicate data
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Experiments
Materialization (1)

Blogger(3) = q(x):-x rdf :type Person, x wrote y , y inBlog z
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Figure 6: Evaluation time (s) and number of results for AnS node queries (left) and edge queries (right).
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Figure 7: I materialization time vs. I size.

and relationship of interest. AnS node queries have one or
two atoms, while edge queries consist of one to three atoms.

We considered two ways of materializing the instance I.
First, we used a single table (dw in Figure 5). Second, in-
spired from RDF stores such as [21], we tested a partitioned
data layout for I as follows. For each distinct node (model-
ing triples of the form s rdf:type λX), we store a table with
the subjects s declared of that type; this leads to a set of ta-
bles denoted nX (for node), with X ∈ [1, 26]. Similarly, for
each distinct edge (s λY o) a separate table stores the cor-
responding triple subjects and objects, leading to the tables
eY with Y ∈ [1, 75].

Figure 6 shows for each node and edge query (labeled on
the y axis by λ, chosen based on the name of a“central”class
or property in the query): (i) the number of query atoms (in
parenthesis next to the label), (ii) the number of query re-
sults (we show log10(#res)/10 to improve readability), (iii)
the evaluation time when inserting into a single dw table,
and (iv) the time when inserting into the partitioned store.
For 2 node queries and 57 edge queries, the evaluation time
is too small to be visible (below 0.01 s), and we omitted them
from the plots. The total time to materialize the instance I
(1.3× 107 triples) was 38 seconds.

Scalability. We created larger RDF graphs such that the
size of I would be multiplied by a factor of 2 to 5, with
respect to the I obtained from the original graph G. The
corresponding I materialization time are shown in Figure 7,
demonstrating linear scale-up w.r.t. the data size.

7.3 Analytical query answering over I
We consider a set of AnQs, each adhering to a specific

query pattern. A pattern is a combination of: (i) the number
of atoms in the classifier query (denoted c), (ii) the number
of dimension variables in the classifier query (denoted v),
and (iii) the number of atoms in the measure query (de-
noted m). For instance, the pattern c5v4m3 designates
queries whose classifiers have 5 atoms, aggregate over 4 di-
mensions, and whose measure queries have 3 atoms. We
used 12 distinct patterns for a total of 1,097 queries.
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Figure 8: AnQ statistics for query patterns.
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Figure 9: AnQ evaluation time over large datasets.

The graph at the top of Figure 8 shows for each query pat-
tern, the number of queries in the set (in parenthesis after
the pattern name), and the average, minimum and maxi-
mum number of query results. The largest result set (for
c4v3m3) is 514, 240, while the second highest (for c1v1m3)
is 160, 240. The graph at the bottom of Figure 8 presents
the average, minimum and maximum query evaluation times
among the queries of each pattern.

Figure 8 shows that query result size (up to hundreds of
thousands) is the most strongly correlated with query eval-
uation time. Other parameters impacting the evaluation
time are the number of atoms in the classifier and measure
queries, and the number of aggregation variables. These
parameters are to be expected in an in-memory execution
engine such as kdb+. Observe the moderate time increase
with the main query size metric (the number of atoms); this
demonstrates robust performance even for complex AnQs.

Figure 9 shows the average evaluation time for queries
belonging to the sets c1v1m1 and c5v4m3 over increasing
tables, using the instance triple table and the partitioned
store implementations. In both cases the evaluation time
increases linearly with the size of the dataset. The graph
shows that the partitioned store brings a modest speed-up
(about 10%); for small queries, the difference is unnotice-

2 node queries and 57 edge queries are omitted because they are
below 0.01 seconds
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Figure 6: Evaluation time (s) and number of results for AnS node queries (left) and edge queries (right).
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Figure 7: I materialization time vs. I size.

and relationship of interest. AnS node queries have one or
two atoms, while edge queries consist of one to three atoms.

We considered two ways of materializing the instance I.
First, we used a single table (dw in Figure 5). Second, in-
spired from RDF stores such as [21], we tested a partitioned
data layout for I as follows. For each distinct node (model-
ing triples of the form s rdf:type λX), we store a table with
the subjects s declared of that type; this leads to a set of ta-
bles denoted nX (for node), with X ∈ [1, 26]. Similarly, for
each distinct edge (s λY o) a separate table stores the cor-
responding triple subjects and objects, leading to the tables
eY with Y ∈ [1, 75].

Figure 6 shows for each node and edge query (labeled on
the y axis by λ, chosen based on the name of a“central”class
or property in the query): (i) the number of query atoms (in
parenthesis next to the label), (ii) the number of query re-
sults (we show log10(#res)/10 to improve readability), (iii)
the evaluation time when inserting into a single dw table,
and (iv) the time when inserting into the partitioned store.
For 2 node queries and 57 edge queries, the evaluation time
is too small to be visible (below 0.01 s), and we omitted them
from the plots. The total time to materialize the instance I
(1.3× 107 triples) was 38 seconds.

Scalability. We created larger RDF graphs such that the
size of I would be multiplied by a factor of 2 to 5, with
respect to the I obtained from the original graph G. The
corresponding I materialization time are shown in Figure 7,
demonstrating linear scale-up w.r.t. the data size.

7.3 Analytical query answering over I
We consider a set of AnQs, each adhering to a specific

query pattern. A pattern is a combination of: (i) the number
of atoms in the classifier query (denoted c), (ii) the number
of dimension variables in the classifier query (denoted v),
and (iii) the number of atoms in the measure query (de-
noted m). For instance, the pattern c5v4m3 designates
queries whose classifiers have 5 atoms, aggregate over 4 di-
mensions, and whose measure queries have 3 atoms. We
used 12 distinct patterns for a total of 1,097 queries.
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Figure 8: AnQ statistics for query patterns.
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Figure 9: AnQ evaluation time over large datasets.

The graph at the top of Figure 8 shows for each query pat-
tern, the number of queries in the set (in parenthesis after
the pattern name), and the average, minimum and maxi-
mum number of query results. The largest result set (for
c4v3m3) is 514, 240, while the second highest (for c1v1m3)
is 160, 240. The graph at the bottom of Figure 8 presents
the average, minimum and maximum query evaluation times
among the queries of each pattern.

Figure 8 shows that query result size (up to hundreds of
thousands) is the most strongly correlated with query eval-
uation time. Other parameters impacting the evaluation
time are the number of atoms in the classifier and measure
queries, and the number of aggregation variables. These
parameters are to be expected in an in-memory execution
engine such as kdb+. Observe the moderate time increase
with the main query size metric (the number of atoms); this
demonstrates robust performance even for complex AnQs.

Figure 9 shows the average evaluation time for queries
belonging to the sets c1v1m1 and c5v4m3 over increasing
tables, using the instance triple table and the partitioned
store implementations. In both cases the evaluation time
increases linearly with the size of the dataset. The graph
shows that the partitioned store brings a modest speed-up
(about 10%); for small queries, the difference is unnotice-

2 node queries and 57 edge queries are omitted because they are
below 0.01 seconds

(Kim A. Jakobsen) RDF Analytics November 21, 2014 15 / 22
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Figure 6: Evaluation time (s) and number of results for AnS node queries (left) and edge queries (right).
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Figure 7: I materialization time vs. I size.

and relationship of interest. AnS node queries have one or
two atoms, while edge queries consist of one to three atoms.

We considered two ways of materializing the instance I.
First, we used a single table (dw in Figure 5). Second, in-
spired from RDF stores such as [21], we tested a partitioned
data layout for I as follows. For each distinct node (model-
ing triples of the form s rdf:type λX), we store a table with
the subjects s declared of that type; this leads to a set of ta-
bles denoted nX (for node), with X ∈ [1, 26]. Similarly, for
each distinct edge (s λY o) a separate table stores the cor-
responding triple subjects and objects, leading to the tables
eY with Y ∈ [1, 75].

Figure 6 shows for each node and edge query (labeled on
the y axis by λ, chosen based on the name of a“central”class
or property in the query): (i) the number of query atoms (in
parenthesis next to the label), (ii) the number of query re-
sults (we show log10(#res)/10 to improve readability), (iii)
the evaluation time when inserting into a single dw table,
and (iv) the time when inserting into the partitioned store.
For 2 node queries and 57 edge queries, the evaluation time
is too small to be visible (below 0.01 s), and we omitted them
from the plots. The total time to materialize the instance I
(1.3× 107 triples) was 38 seconds.

Scalability. We created larger RDF graphs such that the
size of I would be multiplied by a factor of 2 to 5, with
respect to the I obtained from the original graph G. The
corresponding I materialization time are shown in Figure 7,
demonstrating linear scale-up w.r.t. the data size.

7.3 Analytical query answering over I
We consider a set of AnQs, each adhering to a specific

query pattern. A pattern is a combination of: (i) the number
of atoms in the classifier query (denoted c), (ii) the number
of dimension variables in the classifier query (denoted v),
and (iii) the number of atoms in the measure query (de-
noted m). For instance, the pattern c5v4m3 designates
queries whose classifiers have 5 atoms, aggregate over 4 di-
mensions, and whose measure queries have 3 atoms. We
used 12 distinct patterns for a total of 1,097 queries.
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Figure 8: AnQ statistics for query patterns.
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Figure 9: AnQ evaluation time over large datasets.

The graph at the top of Figure 8 shows for each query pat-
tern, the number of queries in the set (in parenthesis after
the pattern name), and the average, minimum and maxi-
mum number of query results. The largest result set (for
c4v3m3) is 514, 240, while the second highest (for c1v1m3)
is 160, 240. The graph at the bottom of Figure 8 presents
the average, minimum and maximum query evaluation times
among the queries of each pattern.
Figure 8 shows that query result size (up to hundreds of

thousands) is the most strongly correlated with query eval-
uation time. Other parameters impacting the evaluation
time are the number of atoms in the classifier and measure
queries, and the number of aggregation variables. These
parameters are to be expected in an in-memory execution
engine such as kdb+. Observe the moderate time increase
with the main query size metric (the number of atoms); this
demonstrates robust performance even for complex AnQs.

Figure 9 shows the average evaluation time for queries
belonging to the sets c1v1m1 and c5v4m3 over increasing
tables, using the instance triple table and the partitioned
store implementations. In both cases the evaluation time
increases linearly with the size of the dataset. The graph
shows that the partitioned store brings a modest speed-up
(about 10%); for small queries, the difference is unnotice-
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Figure 6: Evaluation time (s) and number of results for AnS node queries (left) and edge queries (right).
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Figure 7: I materialization time vs. I size.

and relationship of interest. AnS node queries have one or
two atoms, while edge queries consist of one to three atoms.

We considered two ways of materializing the instance I.
First, we used a single table (dw in Figure 5). Second, in-
spired from RDF stores such as [21], we tested a partitioned
data layout for I as follows. For each distinct node (model-
ing triples of the form s rdf:type λX), we store a table with
the subjects s declared of that type; this leads to a set of ta-
bles denoted nX (for node), with X ∈ [1, 26]. Similarly, for
each distinct edge (s λY o) a separate table stores the cor-
responding triple subjects and objects, leading to the tables
eY with Y ∈ [1, 75].

Figure 6 shows for each node and edge query (labeled on
the y axis by λ, chosen based on the name of a“central”class
or property in the query): (i) the number of query atoms (in
parenthesis next to the label), (ii) the number of query re-
sults (we show log10(#res)/10 to improve readability), (iii)
the evaluation time when inserting into a single dw table,
and (iv) the time when inserting into the partitioned store.
For 2 node queries and 57 edge queries, the evaluation time
is too small to be visible (below 0.01 s), and we omitted them
from the plots. The total time to materialize the instance I
(1.3× 107 triples) was 38 seconds.

Scalability. We created larger RDF graphs such that the
size of I would be multiplied by a factor of 2 to 5, with
respect to the I obtained from the original graph G. The
corresponding I materialization time are shown in Figure 7,
demonstrating linear scale-up w.r.t. the data size.

7.3 Analytical query answering over I
We consider a set of AnQs, each adhering to a specific

query pattern. A pattern is a combination of: (i) the number
of atoms in the classifier query (denoted c), (ii) the number
of dimension variables in the classifier query (denoted v),
and (iii) the number of atoms in the measure query (de-
noted m). For instance, the pattern c5v4m3 designates
queries whose classifiers have 5 atoms, aggregate over 4 di-
mensions, and whose measure queries have 3 atoms. We
used 12 distinct patterns for a total of 1,097 queries.
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Figure 8: AnQ statistics for query patterns.

  

0

2

4

6

8

0

2

4

6

8 instance table

partitioned store

e
v
a
lu

a
ti
o
n
 t
im

e
 (

s
)

c1v1m1 c5v4m3

instance size (number of triples)

Figure 9: AnQ evaluation time over large datasets.

The graph at the top of Figure 8 shows for each query pat-
tern, the number of queries in the set (in parenthesis after
the pattern name), and the average, minimum and maxi-
mum number of query results. The largest result set (for
c4v3m3) is 514, 240, while the second highest (for c1v1m3)
is 160, 240. The graph at the bottom of Figure 8 presents
the average, minimum and maximum query evaluation times
among the queries of each pattern.
Figure 8 shows that query result size (up to hundreds of

thousands) is the most strongly correlated with query eval-
uation time. Other parameters impacting the evaluation
time are the number of atoms in the classifier and measure
queries, and the number of aggregation variables. These
parameters are to be expected in an in-memory execution
engine such as kdb+. Observe the moderate time increase
with the main query size metric (the number of atoms); this
demonstrates robust performance even for complex AnQs.

Figure 9 shows the average evaluation time for queries
belonging to the sets c1v1m1 and c5v4m3 over increasing
tables, using the instance triple table and the partitioned
store implementations. In both cases the evaluation time
increases linearly with the size of the dataset. The graph
shows that the partitioned store brings a modest speed-up
(about 10%); for small queries, the difference is unnotice-
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Figure 6: Evaluation time (s) and number of results for AnS node queries (left) and edge queries (right).
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Figure 7: I materialization time vs. I size.

and relationship of interest. AnS node queries have one or
two atoms, while edge queries consist of one to three atoms.

We considered two ways of materializing the instance I.
First, we used a single table (dw in Figure 5). Second, in-
spired from RDF stores such as [21], we tested a partitioned
data layout for I as follows. For each distinct node (model-
ing triples of the form s rdf:type λX), we store a table with
the subjects s declared of that type; this leads to a set of ta-
bles denoted nX (for node), with X ∈ [1, 26]. Similarly, for
each distinct edge (s λY o) a separate table stores the cor-
responding triple subjects and objects, leading to the tables
eY with Y ∈ [1, 75].

Figure 6 shows for each node and edge query (labeled on
the y axis by λ, chosen based on the name of a“central”class
or property in the query): (i) the number of query atoms (in
parenthesis next to the label), (ii) the number of query re-
sults (we show log10(#res)/10 to improve readability), (iii)
the evaluation time when inserting into a single dw table,
and (iv) the time when inserting into the partitioned store.
For 2 node queries and 57 edge queries, the evaluation time
is too small to be visible (below 0.01 s), and we omitted them
from the plots. The total time to materialize the instance I
(1.3× 107 triples) was 38 seconds.

Scalability. We created larger RDF graphs such that the
size of I would be multiplied by a factor of 2 to 5, with
respect to the I obtained from the original graph G. The
corresponding I materialization time are shown in Figure 7,
demonstrating linear scale-up w.r.t. the data size.

7.3 Analytical query answering over I
We consider a set of AnQs, each adhering to a specific

query pattern. A pattern is a combination of: (i) the number
of atoms in the classifier query (denoted c), (ii) the number
of dimension variables in the classifier query (denoted v),
and (iii) the number of atoms in the measure query (de-
noted m). For instance, the pattern c5v4m3 designates
queries whose classifiers have 5 atoms, aggregate over 4 di-
mensions, and whose measure queries have 3 atoms. We
used 12 distinct patterns for a total of 1,097 queries.
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Figure 8: AnQ statistics for query patterns.
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Figure 9: AnQ evaluation time over large datasets.

The graph at the top of Figure 8 shows for each query pat-
tern, the number of queries in the set (in parenthesis after
the pattern name), and the average, minimum and maxi-
mum number of query results. The largest result set (for
c4v3m3) is 514, 240, while the second highest (for c1v1m3)
is 160, 240. The graph at the bottom of Figure 8 presents
the average, minimum and maximum query evaluation times
among the queries of each pattern.

Figure 8 shows that query result size (up to hundreds of
thousands) is the most strongly correlated with query eval-
uation time. Other parameters impacting the evaluation
time are the number of atoms in the classifier and measure
queries, and the number of aggregation variables. These
parameters are to be expected in an in-memory execution
engine such as kdb+. Observe the moderate time increase
with the main query size metric (the number of atoms); this
demonstrates robust performance even for complex AnQs.

Figure 9 shows the average evaluation time for queries
belonging to the sets c1v1m1 and c5v4m3 over increasing
tables, using the instance triple table and the partitioned
store implementations. In both cases the evaluation time
increases linearly with the size of the dataset. The graph
shows that the partitioned store brings a modest speed-up
(about 10%); for small queries, the difference is unnotice-
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Figure 6: Evaluation time (s) and number of results for AnS node queries (left) and edge queries (right).
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Figure 7: I materialization time vs. I size.

and relationship of interest. AnS node queries have one or
two atoms, while edge queries consist of one to three atoms.

We considered two ways of materializing the instance I.
First, we used a single table (dw in Figure 5). Second, in-
spired from RDF stores such as [21], we tested a partitioned
data layout for I as follows. For each distinct node (model-
ing triples of the form s rdf:type λX), we store a table with
the subjects s declared of that type; this leads to a set of ta-
bles denoted nX (for node), with X ∈ [1, 26]. Similarly, for
each distinct edge (s λY o) a separate table stores the cor-
responding triple subjects and objects, leading to the tables
eY with Y ∈ [1, 75].

Figure 6 shows for each node and edge query (labeled on
the y axis by λ, chosen based on the name of a“central”class
or property in the query): (i) the number of query atoms (in
parenthesis next to the label), (ii) the number of query re-
sults (we show log10(#res)/10 to improve readability), (iii)
the evaluation time when inserting into a single dw table,
and (iv) the time when inserting into the partitioned store.
For 2 node queries and 57 edge queries, the evaluation time
is too small to be visible (below 0.01 s), and we omitted them
from the plots. The total time to materialize the instance I
(1.3× 107 triples) was 38 seconds.

Scalability. We created larger RDF graphs such that the
size of I would be multiplied by a factor of 2 to 5, with
respect to the I obtained from the original graph G. The
corresponding I materialization time are shown in Figure 7,
demonstrating linear scale-up w.r.t. the data size.

7.3 Analytical query answering over I
We consider a set of AnQs, each adhering to a specific

query pattern. A pattern is a combination of: (i) the number
of atoms in the classifier query (denoted c), (ii) the number
of dimension variables in the classifier query (denoted v),
and (iii) the number of atoms in the measure query (de-
noted m). For instance, the pattern c5v4m3 designates
queries whose classifiers have 5 atoms, aggregate over 4 di-
mensions, and whose measure queries have 3 atoms. We
used 12 distinct patterns for a total of 1,097 queries.
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Figure 8: AnQ statistics for query patterns.
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Figure 9: AnQ evaluation time over large datasets.

The graph at the top of Figure 8 shows for each query pat-
tern, the number of queries in the set (in parenthesis after
the pattern name), and the average, minimum and maxi-
mum number of query results. The largest result set (for
c4v3m3) is 514, 240, while the second highest (for c1v1m3)
is 160, 240. The graph at the bottom of Figure 8 presents
the average, minimum and maximum query evaluation times
among the queries of each pattern.

Figure 8 shows that query result size (up to hundreds of
thousands) is the most strongly correlated with query eval-
uation time. Other parameters impacting the evaluation
time are the number of atoms in the classifier and measure
queries, and the number of aggregation variables. These
parameters are to be expected in an in-memory execution
engine such as kdb+. Observe the moderate time increase
with the main query size metric (the number of atoms); this
demonstrates robust performance even for complex AnQs.

Figure 9 shows the average evaluation time for queries
belonging to the sets c1v1m1 and c5v4m3 over increasing
tables, using the instance triple table and the partitioned
store implementations. In both cases the evaluation time
increases linearly with the size of the dataset. The graph
shows that the partitioned store brings a modest speed-up
(about 10%); for small queries, the difference is unnotice-
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No query reformulation results, this is the hard part :(

In another paper (informal French conference)

What kind of index do they use on their data?

PSOC?

Analytical Queries (Cubes) can only have one type of aggregation

Simple cubes in experiments (not complex)

No “nextLevel” in the dataset
No aggregation
No unbalanced hierarchies

No BI queries :S They only have “setup” times!

Time to get Analytical Schema Nodes and Edges
Creation time of Analytical Queries (cubes) and how this scales
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