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Abstract. Current approaches for knowledge graph construction with
RML focus on full RDF graph materialization without considering user
queries, which is ine�cient in dynamic query environments where often
only a speci�c subset of the full graph is needed to answer a given query.
This paper introduces an approach to prune RML mappings such that
the resulting partially-materialized graph is still su�cient to answer a
given SPARQL query completely. By evaluating the approach based on a
well-know RML materialization benchmark, we show that such pruning
signi�cantly reduces both the materialization time and the size of the
produced graph, while also noticeably reducing querying time.

1 Introduction

State-of-the-art knowledge graph generation approaches support mapping lan-
guages such as R2RML [21], RML [6,10], and SPARQL-Generate [12] to provide
access to RDF views of other forms of structured data (e.g., relational databases)
as well as semi-structured data (e.g., JSON, XML). These approaches either ma-
terialize the RDF view [9,1,7,14,17], making it available for querying or further
processing directly as RDF graphs, or translate SPARQL queries over the RDF
views into a query language supported by the underlying data sources [5,3,13].

In the context of use cases that require integrated query access over a feder-
ation of multiple data sources, including non-RDF ones, we observe that both
of these two types of approaches pose practical limitations: Relying on query
translation (also called virtualization) would limit a federation engine to types
of data sources that support a query language. While materialization approaches,
in contrast, can access arbitrary types of data sources, including those without a
query language, materialization approaches can easily become ine�cient in this
setting as they are designed to always produce the full RDF view of the source
data, even if the part(s) of the federation query to be answered via this view
need only a smaller part of the view to be answered completely.

This work introduces an approach that combines the support for a wider
range of data sources from materialization with the query-aware e�ciency of
virtualization. The approach focuses on mappings described in RML and the
core idea is to prune away the parts of an RML mapping that de�ne portions
of the resulting RDF view that are irrelevant for answering a given SPARQL
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query (which may be a sub-query assigned to a non-RDF data source within a
federation query [8]). The pruned mapping can then be used to materialize a
smaller RDF graph for which the query returns the same result as for the full
RDF view. Section 2 illustrates the approach with an example.

Our main technical contribution is an algorithm that captures the pruning ap-
proach formally (Section 6), for which we assume that the mapping to be pruned
is given in the algebraic form introduced in our previous work [15] (summarized
in Section 3). As a �rst step, we de�ne a notion of satis�ability of SPARQL
graph patterns over such algebraic mapping expressions and show that this no-
tion of satis�ability is undecidable, which constitutes another technical contri-
bution (Section 4). We then introduce a syntactic property to identify a class of
cases in which a triple pattern is guaranteed to be not satis�able over a speci�c
mapping expression, and we show the correctness of this property (Section 5).
This formal result provides the foundation of the pruning algorithm.

As our second main contribution, we evaluate the e�ectiveness of our pruning
approach based on the GTFS-Madrid benchmark (Section 7); our evaluation
con�rms that pruning can reduce the materialization time signi�cantly (down to
at most 8% of the full materialization time in 2/3 of the considered cases), while
the pruning time is negligible. Moreover, the resulting RDF graphs are much
smaller as well, which can also lead to a noticeable reduction of query times.

2 Demonstration of the Approach

1...
2rml:subjectMap [ rml:reference "airport_id" ;
3rml:termType rml:IRI ];
4rml:predicateObjectMap [
5rml:predicate ex:route;
6rml:objectMap [ rml:template
7"http :// example.com/route/{ transitRoute }" ] ];
8rml:predicateObjectMap [
9rml:predicate gtfs:long;
10rml:objectMap [ rml:reference "longitude ";
11rml:datatType xsd:double ] ].

Listing 1: Snippet of an RML mapping to convert
airport data into an RDF graph.

We begin by illustrating
our pruning approach in-
formally, for which we
assume familiarity with
the concepts of RDF,
SPARQL, and RML. List-
ing 1 presents a snippet
of an example RML docu-
ment that de�nes a map-
ping to generate RDF
triples about the transit
routes (lines 4�7) and the longitude coordinate (lines 8�11) of airports. List-
ing 2 provides a SPARQL query with two triple patterns to query the resulting
RDF data. We go through each predicate-object map of the RML mapping and
decide if it can be pruned by considering each of the triple patterns of the query.

SELECT * WHERE {
?airportId ex:route <http :// transit.api/route/43> .
?airportId gtfs:long "23.0"^^ xsd:double . }

Listing 2: A SPARQL query to retrieve information
about airports (pre�x declarations omitted).

For the �rst predi-
cate-object map (lines
4�7), we �rst consider
the �rst triple pattern.
While the subject and
the predicate of possible
triples produced from the predicate-object map match the triple pattern, the ob-
ject of the triple pattern cannot be produced by the corresponding object-term
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map. To determine this type of unsatis�ability, we transform the rml:template

value of the object-term map, "http://example.com/route/{transitRoute}",
into the regular expression "http:\/\/example.com\/route\/.+". It is evident
that the object IRI of the triple pattern, which begins with the substring
"http://transit.api", does not match the regular expression. Thus, the �rst
triple pattern is not satis�able for the �rst predicate-object map. Moving to the
second triple pattern, it is also evident that the �rst predicate-object map can-
not produce triples that match the pattern. The predicate-term is the constant
ex:route, which is not the same as the predicate IRI gtfs:long of the triple
pattern. We thus conclude that, since none of the triple patterns is satis�able
with it, the �rst predicate-object map can be pruned.

For the second predicate-object map (lines 8�11), triples produced from it do
not match the �rst triple pattern because they would have gtfs:long as pred-
icate, not ex:route. However, the second triple pattern may be satis�able with
that predicate-object map since the predicate IRIs match in this case and, for
checking the object terms, we apply the following procedure. We �rst trans-
form the rml:reference value "long" of the object-term map into the regular
expression ".+". The lexical form of the object literal in the second triple pat-
tern matches this regular expression. Moreover, the datatype declared in the
object-term map, xsd:double, matches the datatype of the object literal in the
triple pattern. Thus, at least one triple pattern may be satis�able with the sec-
ond predicate-object map, which means this predicate-object map should not
be pruned away. Hence, at the end, only the second predicate-object map of the
snippet of RML in Listing 1 is kept after pruning.

The main use case of this approach is SPARQL-based query federation with
non-RDF data sources that cannot be accessed via a query language. Since vir-
tualization is not an option for such sources, their data needs to be converted
directly to RDF to be queried via SPARQL. As a typical example of such cases,
we refer to recent work by Hartig and Westman [8] which integrates REST/Web
APIs within a federation engine that materializes RML-based RDF representa-
tions of the API data at query time. Query-time materialization is relevant in
this setting because each federation query may require data from di�erent API
endpoints; moreover, the API data may change often (e.g., a weather API [8]).

3 Preliminaries

We formalize our pruning approach in terms of the RML-related mapping algebra
of our earlier work [15]. To provide the relevant background for this formalization,
this section introduces the concepts of that algebra, and of RDF and SPARQL.

3.1 Relevant Concepts of RDF and SPARQL

Let S be the countably in�nite set of all possible strings, and I be the subset
of S that consists of all IRIs. L is the countably in�nite set of all RDF literals
where every such literal is a pair (lex , dt) ∈ S × I in which lex is the lexical
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form and dt is the datatype IRI of the literal. Moreover, B is the countably
in�nite set of blank nodes (and is disjoint from S and L). IRIs, literals, and
blank nodes are jointly referred to as RDF terms. An RDF triple is a tuple
(s, p, o) ∈ (I ∪ B)× I × (I ∪ B ∪ L), and an RDF graph is a set of RDF triples.

For our de�nitions related to SPARQL we adopt the algebraic syntax of Pérez
et al. [18]. Queries are formed using graph patterns, of which the most basic type
is a triple pattern, that is, a tuple (s, p, o) ∈ (I ∪ V) × (I ∪ V) × (I ∪ L ∪ V),
where V is a countably in�nite set of variables (disjoint from S, L, and B).
Other graph patterns can then be constructed recursively, using operators such
as AND and OPT [18]. The result of evaluating any such graph pattern P over
an RDF graph G is a set, denoted by [[P ]]G, that consists of so-called solution

mappings, which are partial functions of the form µ : V → I ∪ B ∪ L. If P is
a triple pattern tp = (s, p, o), then [[tp]]G consists of every solution mapping µ
for which dom(µ) = {s, p, o} ∩ V and µ[tp] ∈ G, where µ[tp] denotes the triple
obtained by replacing the variables in tp according to µ. For other forms of graph
patterns, we refer to Pérez et al.'s work for the de�nition of [[P ]]G [18].

3.2 Data Model of the Mapping Algebra

The mapping algebra of our earlier work is de�ned over so-called mapping re-

lations [15] in which the possible values are RDF terms, plus a special value,
ϵ, that captures processing errors (and is not an RDF term). For the following
formal de�nition of these relations, let A be a countably in�nite set of attributes.

De�nition 1.[15] A mapping tuple is a partial function t : A → I ∪B∪L∪{ϵ}

De�nition 2.[15] A mapping relation r is a tuple (A, I), where A ⊂ A is a
�nite, non-empty set of attributes and I is a set of mapping tuples such that,
for every such tuple t ∈ I, it holds that dom(t) = A.

While the mapping algebra operates over such mapping relations, the �nal
mapping relation that results from a relevant sequence of such operations is
meant to capture an RDF dataset. At this point we diverge slightly from the
original formalism [15], which considers the creation of whole RDF datasets (i.e.,
including named graphs); in this paper we limit ourselves to single RDF graphs.
For this purpose, we assume three special attributes, as, ap, ao ∈ A, and adapt
the de�nition of an RDF representation of mapping relations as follows.

De�nition 3. Let r = (A, I) be a mapping relation with as, ap, ao ∈ A. The
RDF graph resulting from r is the RDF graph

G =
{(

t(as), t(ap), t(ao)
) ∣∣ t ∈ I such that

(
t(as), t(ap), t(ao)

)
is an RDF triple

}
.

For examples of these concepts, refer to our earlier work [15].

3.3 Syntax of RML-Speci�c Mapping Expressions

This section introduces the syntax of the mapping expressions that we consider
in this paper, which is based on our earlier-introduced mapping algebra [15].
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While this algebra is of a more general nature, not speci�c to any concrete
mapping language such as RML, we also introduced a translation of RML into
the algebra [15, Section 5]. The fragment of the algebra that this translation
uses is the focus of our work in this paper. Therefore, instead of re-introducing
the complete algebra here, we introduce only the relevant types of expressions
that cover any possible output of translating RML into the algebra as per the
translation algorithm of our earlier work [15]. To de�ne these types of mapping
expressions we need to introduce a number of related concepts �rst.

We begin with concepts related to the Extract operator3 of the algebra, which
initializes a mapping relation that provides a relational view of data that can
be extracted from input data sources. The de�nition of this operator is based
on an abstraction of source data and corresponding query languages: The in-
�nite sets D and Q capture all possible data objects and all possible query
languages, respectively. Examples of data objects are: the whole content of a
particular JSON �le, a single JSON object, and a value of a JSON �eld. Data
objects of the same kind (e.g., all possible JSON objects) would be captured
as a dedicated subset of D. Each query language L ∈ Q is considered as a
set, where every element q ∈ L is one of the queries written in L. Types of
data sources, as considered by the Extract operator, are captured as a tuple
type = (Dds,Dc1,Dc2, L, L′, eval , eval ′, cast) where Dds ⊆ D speci�es the kind of
data objects that can be accessed from data sources of this type; L ∈ Q is a
language to enumerate components of any data object in Dds, where Dc1 ⊆ D is
the set of all possible such components; L′ ∈ Q is a language to select values
from the components, with Dc2 ⊆ D being the set of all values possible for the
type of data source; cast is a function de�ning how these values map to RDF
literals; and eval and eval ′are functions that de�ne the evaluation semantics of L
and L′, respectively. Further details and examples are in the original paper [15].

RML mappings contain references to the data sources from which the input
data is meant to be obtained (e.g., �le names). As a corresponding abstraction,
we assume a countably in�nite set R of so-called source references. As we shall
see, every Extract operator is parameterized with such a source reference.

Another relevant operator is Extend, which is parameterized with an at-
tribute a and a so-called extend expression [15] that can be evaluated with a
mapping tuple as input and that produces an RDF term or the error symbol ϵ
as output. For every input tuple, Extend uses this output to extend the tuple
with a value for attribute a. The speci�c type of extend expressions used by the
fragment of the mapping algebra considered in this paper is de�ned as follows.

De�nition 4. A template-or-reference-based extend expression (torb-
extend expression) is an extend expression φ of any of the following forms:

1. φ is an RDF literal (lex, dt) with dt = xsd:string.
2. φ is an attribute in A.
3. φ is of the form concat(φ1, . . . , φn), where n ≥ 2 and every φi (1 ≤ i ≤ n)

is either a literal (lex, dt) with dt = xsd:string or an attribute in A.
3 In the original work this operator is called Source [15]. We have renamed it for this
paper because the name Extract captures more clearly the purpose of this operator.
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Hereafter, we write Φtorb to denote the set of all possible torb-extend expressions
and, for every such expression φ ∈ Φtorb, attrs(φ) is the set of all attributes in φ.

The forms of algebra expressions that the RML-to-algebra translation algo-
rithm [15] produces and, thus, that we consider in this paper all share a common
form of sub-expressions, which result from translating individual RML triples
maps into the algebra. As the last ingredient needed for de�ning the considered
fragment of the algebra, we introduce this form of sub-expressions:

De�nition 5. Let ubase be an IRI (considered as base IRI ) and S2B : S → B be
an injective function that maps every string to a unique blank node. A Triples-
Map-specific expression (TrMap-expression) with ubase and S2B is either

Extendaoφo
( Extendapφp

(Extendasφs
(Extract(type,q,P)sr )) ) or

Extend
ao
φ′

o
( EqJoinJ(Extendapφp

(Extendasφs
(Extract(type,q,P)sr )), Extract

(type′,q′,P′)
sr′ ) ),

where:

1. φo is an extend expression [15] of any of the following speci�c forms:
(a) a literal, (b) an IRI, (c) a blank node,
(d) toLiteral(φ′, dt) with φ′∈ Φtorb, attrs(φ) ⊆ dom(P), and dt ∈ I,
(e) toIRI(φ′, ubase) with φ′∈ Φtorb and attrs(φ) ⊆ dom(P), or
(f) toBNode

S2B (φ′) with φ′∈ Φtorb and attrs(φ) ⊆ dom(P);
2. φp is an extend expression that may be only of the form (b) or (e);
3. φs and φ′

o are extend expressions of the form (b), (c), (e), or (f), respectively;
4. sr and sr′ are source references (potentially the same);
5. type = (Dds

1 ,Dc1

1 ,Dc2

1 , L1, L
′
1, eval1, eval

′
1, cast1) is a source type, q ∈ L1, and

P : A → L′
1 is a partial function such that dom(P) ∩ {as, ap, ao} = ∅;

6. type′ = (Dds

2 ,Dc1

2 ,Dc2

2 , L2, L
′
2, eval2, eval

′
2, cast2) is a source type, q

′∈ L2, and
P′ : A → L′

2 is a partial function such that dom(P′) ∩ {as, ap, ao} = ∅;
7. dom(P) ∩ dom(P′) = ∅;
8. J ⊆ dom(P)× dom(P′).

Example 1. The triples map that consists of the �rst predicate-object map of
the RML mapping in Listing 1 is captured by the following TrMap-expression:

Extend
ao
toIRI(concat(ℓ,a1),ubase)

(Extendapu1
(Extendas

toIRI(a2,ubase)
(Extract(type,q,P1)

sr ))),

where a1 and a2 are attributes di�erent from as, ap, and ao, respectively, ℓ is
the literal ("http://example.com/route/", xsd:string), u1 is the IRI ex:route,
P1 = {a1 7→ "transitRoute", a2 7→ "airport_id"}, and sr is an arbitrary source
reference. The other two arguments of the Extract operator, type and q, are not
speci�ed further in this example as they depend on the rml:logicalSource of the
triples map, which is not in Listing 1 (and is irrelevant for our pruning approach).

We can now de�ne the notion of an RML-specific mapping expression. Infor-
mally, such an expression is built by wrapping a TrMap-expression into a Project

operator that keeps only the attributes as, ap, and ao, and by combining multiple
such Project-wrapped TrMap-expressions using Union operators. Formally:
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De�nition 6. Let ubase be an IRI and S2B : S → B be an injective function
that maps every string to a unique blank node. An RML-specific mapping
expression with ubase and S2B is de�ned recursively as follows:

1. For every TrMap-expression MTM with ubase and S2B , and the (�xed) set
P = {as, ap, ao}, ProjectP(MTM) is an RML-specific mapping expression.

2. For two RML-specific mapping expressionsM ′andM ′′ such thatM ′′ is of the
form ProjectP(MTM), Union(M

′,M ′′) is an RML-specific mapping expression.

For every RML-specific mapping expression M , we write TrMaps(M) to denote
the set of all TrMap-expressions contained in M .

While the notions of an RML-specific mapping expression and of a TrMap-
expression are de�ned with respect to an IRI ubase and a function S2B , hereafter,
we mention ubase and S2B only in cases in which they are explicitly relevant.

3.4 Semantics of RML-Speci�c Mapping Expressions

This section introduces a formal semantics of RML-specific mapping expressions.
As a basis for evaluating such an expression, it is necessary to assign concrete
data objects to the source references mentioned in the Extract operators of the
expression, for which we introduce the notion of a source assignment.

De�nition 7. A source assignment is a partial function σ : R → D.

Notice that such a source assignment may not be applicable to a given map-
ping expression. For instance, it may not cover all of the source references that
occur within the expression or it may assign data objects that are not of the
expected types. The following de�nition formalizes the conditions for a source
assignment to be applicable, for the types of expressions considered in this paper.

De�nition 8. A source assignment σ is a valid input for a TrMap-expres-
sion MTM if the following conditions hold:

1. If MTM is of the form Extendaoφo
(Extend

ap
φp(Extend

as
φs
(Extract

(type,q,P)
sr ))) with

type = (Dds,Dc1,Dc2, L, L′, eval , eval ′, cast), then it must hold that σ(sr) ∈ Dds.
2. If MTM is of the form

Extend
ao
φ′

o
(EqJoinJ(Extend

ap
φp(Extend

as
φs
(Extract

(type,q,P)
sr )), Extract

(type′,q′,P′)
sr′ ))

with type = (Dds

1 ,Dc1

1 ,Dc2

1 , L1, L
′
1, eval1, eval

′
1, cast1) and

and type′= (Dds

2 ,Dc1

2 ,Dc2

2 , L2, L
′
2, eval2, eval

′
2, cast2),

then it must hold that σ(sr) ∈ Dds

1 and σ(sr′) ∈ Dds

2 .

A source assignment σ is a valid input for an RML-specific mapping expres-
sion M if σ is a valid input for every TrMap-expression in TrMaps(M).

Given the notion of valid inputs for evaluating RML-specific mapping ex-
pressions, we can now de�ne the semantics of such an evaluation.
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De�nition 9. Let Mrml be an RML-specific mapping expression and σ be a
source assignment that is a valid input for Mrml. For every sub-expression M
of Mrml, including Mrml itself, the evaluation of M based on σ, denoted by
M [σ], is the mapping relation (A, I) that is de�ned recursively as follows:

1. If M is Extract
(type,q,P)
sr with type = (Dds,Dc1,Dc2, L, L′, eval , eval ′, cast), then

A = dom(P) and

I =
{
{a1 → cast(v1), . . . , an → cast(vn)}

∣∣ d is in Ō and

((a1, v1), . . . , (an, vn)) ∈ Xd

}
,

where Ō = eval(D, q) with D = σ(sr), and

Xd =
ą

a∈dom(P)

{
(a, v)

∣∣ v is in eval ′(D, d, q′) with q′= P(a)
}
.

2. If M is of the form Extendaφ(M
′), and given M ′[σ] = (A′, I ′), then

A = A′ ∪ {a} and I =
{
t ∪ {a → eval(φ, t)} | t ∈ I ′

}
,

where eval(φ, t) is the evaluation of φ over t, as per [15, De�nition 9].
3. If M is of the form ProjectP(M ′), and given M ′[σ] = (A′, I ′), then

A = A′ ∩ P and I = {t[A] | t ∈ I ′},

where t[A] is the mapping tuple t′ s.t. dom(t′) = A, t(a) = t′(a) for all a ∈ A.
4. If M is EqJoinJ(M ′,M ′′), and given (A′, I ′) = M ′[σ] and (A′′, I ′′) = M ′′[σ],

A = A′ ∪A′′

I = {t1 ∪ t2 | t1 ∈ I ′ and t2 ∈ I ′′ such that t1(a1) = t2(a2) for all (a1, a2) ∈ J}.

5. If M is Union(M ′,M ′′), and given (A′, I ′) = M ′[σ] and (A′′, I ′′) = M ′′[σ],

A = A′ ∪A′′ and I = I ′ ∪ I ′′.

4 Satis�ability

Our pruning approach is based on a notion of satis�ability of triple patterns with
respect to RDF data obtained via mappings. This section provides the relevant
formal results, for which we begin by de�ning this notion of satis�ability.

De�nition 10. LetM be a TrMap-expression. A triple pattern tp is satis�able
over M if there exists a source assignment σ that is valid input for M such that
[[tp]]G ̸= ∅ where G is the RDF graph resulting from the mapping relation M [σ].

The following result4 is the �rst building block of our pruning approach. It
shows that, when evaluating a SPARQL graph pattern over an RDF graph cre-
ated by applying an RML-specific mapping expression, the correct query result
may be produced without explicitly considering every TrMap-expression of the
given mapping expression. In particular, it is possible to ignore every TrMap-ex-
pression over which none of the triple patterns of the graph pattern is satis�able.

4 The proofs of all formal results in this paper are provided in an extended version [16].
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Proposition 1. Let P be a graph pattern and let M and M ′ be RML-spe-
cific mapping expressions such that TrMaps(M ′) ⊆ TrMaps(M) and, for every
TrMap-expression MTM ∈

(
TrMaps(M) \ TrMaps(M ′)

)
, none of the triple pat-

terns in P is satis�able over MTM. Then, for every source assignment σ that is
valid input for M , it holds that [[P ]]G = [[P ]]G′ , where G and G′ are the RDF
graphs resulting from the mapping relations M [σ] and M ′[σ], respectively.

Based on Proposition 1, we may prune TrMap-expressions from a given RML-
specific mapping expression (when used in the context of evaluating graph pat-
terns over the RDF graph produced by applying the mapping expression). To do
so, however, we need to be able to determine which triple patterns are satis�able
over which TrMap-expressions, which leads us to the following decision problem.

Problem: Satisfiability(TPoverTrMap)

Input: a triple pattern tp and a TrMap-expression M
Question: Is tp satis�able over M?

The following result shows that we cannot answer this question in general.

Proposition 2. Satisfiability(TPoverTrMap) is undecidable.

5 Incompatibility

While Proposition 2 shows that there is no general way to determine, for any
given triple pattern tp and any given TrMap-expression M , whether tp is satis�-
able over M or not, there is a class of cases for which we can at least determine
whether a triple pattern is guaranteed to be not satis�able over a TrMap-expres-
sion (which is indeed what we need to know to use Proposition 1 for pruning).

In this section, we introduce a syntactic property to identify such cases and
prove its correctness. We call this property incompatibility ; more speci�cally,
we say that a triple pattern tp is incompatible with a TrMap-expression M if
the pair of tp and M has the property that we aim to introduce. To de�ne the
property formally, we need two auxiliary concepts. The �rst of them are regular
expressions that we construct from torb-extend expressions as follows.

De�nition 11. Let φ be a torb-extend expression (as per De�nition 4). The
matching pattern of φ, denoted by regex(φ), is a string to be used as a
regular expression5 and is de�ned recursively as follows:

1. If φ is an RDF literal (lex , dt), then the string regex(φ) is a version of lex
in which every character that has a special meaning in regular expressions
is escaped with a backslash.

2. If φ is an attribute, then regex(φ) is the string ".+".
3. If φ is of the form concat(φ1, . . . , φn), then regex(φ) is the string obtained

by concatenating the strings regex(φ1), ..., and regex(φn), in this order.

5 We assume the extended regular expression notation of the POSIX standard:
https://pubs.opengroup.org/onlinepubs/9799919799/basedefs/V1_chap09.html

https://pubs.opengroup.org/onlinepubs/9799919799/basedefs/V1_chap09.html
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The second auxiliary concept that we need is a notion of incompatibility
between IRIs and extend expressions, which is de�ned as follows.

De�nition 12. An IRI u is incompatible with an extend expression φ [15] if
any of the following three properties holds:

1. φ is any RDF term but not the IRI u.
2. φ is either of the form toLiteral(φ′, dt) or of the form toBNode

S2B (φ′).
3. φ is of the form toIRI(φ′, ubase) with φ′ being a torb-extend expression and

ubase an IRI such that i) u does not match the regular expression regex(φ′)
and ii) u does not match the regular expression formed by pre�xing regex(φ′)
with a version of ubase in which every character that has a special meaning
in regular expressions is escaped with a backslash.

Example 2. Let φex be the extend expression toIRI(concat(ℓ, a1), ubase) as used
by the outermost Extend operator of the TrMap-expression in Example 1. Since
the matching pattern of its torb-extend expression, concat(ℓ, a1), is the string
"http:\/\/example.com\/route\/.+", the IRI http://transit.api/route/43 is in-
compatible with φex, whereas http://example.com/route/43 is not incompatible.

Now we are ready to de�ne our main incompatibility property.

De�nition 13. A triple pattern (s, p, o) is incompatible with a TrMap-ex-
pression M (with some ubase and S2B) if either of the following conditions holds.

1. M is of the �rst of the two forms in De�nition 5, i.e., M is of the form:

Extendaoφo
(Extendapφp

(Extendasφs
(Extract(type,q,P)sr )))

and any of the following conditions holds:
(a) s is an IRI that is incompatible with φs.
(b) p is an IRI that is incompatible with φp.
(c) o is an IRI that is incompatible with φo.
(d) o is a literal and φo is of the form toIRI(φ′, ubase).
(e) o is a literal and φo is of the form toBNode

S2B (φ′).
(f) o is a literal (lex , dt) and φo is of the form toLiteral(φ′, dt ′) such that

lex does not match the regular expression regex(φ′) or dt ̸= dt ′.
2. M is of the second of the two forms in De�nition 5, i.e., M is of the form:

Extend
ao
φ′

o
(EqJoinJ(Extendapφp

(Extendasφs
(Extract(type,q,P)sr )), Extract

(type′,q′,P′)
sr′ ))

and any of the following conditions holds:
(a) s is an IRI that is incompatible with φs.
(b) p is an IRI that is incompatible with φp.
(c) o is an IRI that is incompatible with φ′

o.
(d) o is a literal.

Example 3. Both triple patterns of the SPARQL query in Listing 2 are incom-
patible with the TrMap-expression in Example 1. For the �rst triple pattern, the
incompatibility is due to condition 1(c) of De�nition 13 (see also Example 2),
and for the second triple pattern, it is due to conditions 1(b) and 1(d).
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The following result shows that incompatibility implies unsatis�ability, which
makes it another main building block of our pruning approach because it guaran-
tees that we can rely on incompatibility checks to make correct pruning decisions.

Proposition 3. Let M be a TrMap-expression. For every triple pattern tp that
is incompatible with M , it holds that tp is not satis�able over M .

Based on Proposition 3 we can replace the satis�ability-based condition in
Proposition 1 by an incompatibility-based condition. That is, combining both
propositions gives us the following result, which shows the correctness of the
pruning algorithm that we shall develop from it in the next section.

Corollary 1. Let P be a graph pattern and let M and M ′ be RML-specif-
ic mapping expressions such that TrMaps(M ′) ⊆ TrMaps(M) and, for every
TrMap-expressionMTM ∈

(
TrMaps(M)\TrMaps(M ′)

)
, it holds that every triple

pattern in P is incompatible with MTM. Then, for every source assignment σ
that is valid input for M , it holds that [[P ]]G = [[P ]]G′ , where G and G′ are the
RDF graphs resulting from the mapping relations M [σ] and M ′[σ], respectively.

6 Pruning Algorithm

To capture our pruning approach in an algorithmic form, we convert Corollary 1
into Algorithm 1. The input to this algorithm is a SPARQL graph pattern P
and an RML-specific mapping expression M , and the output is an RML-specific
mapping expression that is constructed to become the M ′ in Corollary 1.

The algorithm �rst collects the TrMap-expressions of M that cannot be
pruned (lines 1�6). To this end, the algorithm iterates over all TrMap-expressions
of M . For each such TrMap-expression MTM, the algorithm checks whether there
is a triple pattern in P that is not incompatible withMTM (lines 3�4). As soon as
the �rst such triple pattern is found, MTM is collected (line 5) and the algorithm

Algorithm 1: Prunes an RML mapping for a given SPARQL graph pattern.

Input: P - a SPARQL graph pattern, M - an RML-specific mapping expression
Output: an RML-specific mapping expression

1 R← ∅ //will be used to collect the TrMap-expressions that cannot be pruned

2 foreach TrMap-expression MTM ∈ TrMaps(M) do
3 foreach triple pattern tp in P do
4 if tp is not incompatible with MTM then
5 R← R ∪

{
MTM

}
6 continue //break out of loop at line 3

7 M ′← Project{as,ap,ao}(MTM), where MTM is an arbitrary TrMap-expression of R
8 foreach TrMap-expression M ′

TM ∈ R \ {MTM} do
9 M ′ ← Union

(
M ′,Project{as,ap,ao}(M ′

TM)
)

10 return M ′



12 S. Min Oo and O. Hartig

moves on to the next TrMap-expression of M . Hence, every TrMap-expression
that has not been collected into R at the end of the for-loop in lines 2�6 is one
that every triple pattern of P is incompatible with (and, thus, can be ignored
as per Corollary 1). After collecting the TrMap-expressions to be kept, the algo-
rithm reconstructs an RML-specific mapping expression with them (lines 7�9).

7 Evaluation

We now evaluate how pruning of RML mappings a�ects the execution time of
each step of the evaluation pipeline shown in Figure 1. Speci�cally, we conduct
a self-evaluation where, given a SPARQL query and an RML mapping, we �rst
prune the RMLmapping for the query and then run the pruned RMLmapping on
a chosen mapping engine, instead of comparing the performance across multiple
mapping engines. Self-evaluation enables us to isolate the performance impact
of the pruning. Moreover, by using an existing mapping engine, we show that
such engines can bene�t from the performance improvements of our approach.

We chose not to compare against virtualization systems for the following rea-
son: In addition to selecting relevant mapping rules, such systems rewrite the
given SPARQL query to the query language of the underlying source database
system, which in turn uses rewritten and optimized query plans to retrieve rel-
evant data. Such a cascading application of optimizations makes it di�cult to
isolate the performance impact of the pruning strategy used by these systems.

In the following subsections, we �rst introduce the chosen benchmark and
our rationale for choosing it (Section 7.1). Thereafter, we describe our evaluation
setup (Section 7.2), and present and analyze the results (Section 7.3).

7.1 Benchmark

For our evaluation, we use the GTFS-Madrid benchmark [4]. It can generate
synthetic source datasets based on real-world data about the Madrid subway

SPARQL update query
for normalization

RML
Document

RML-to-algebra
translation

(Mappingloom-rs)

Mapping engine
(CARML) CSV File

Pruning based on
SPARQL and RML

Querying 
(PyOxigraph)

SPARQL
Query

32

11

4

Translation1 Pruning2

Materialization3 Querying4

Fig. 1: The evaluation pipeline consists of four steps: i) translation, ii) pruning,
iii) materialization, and iv) querying. The solid-lined arrows represent the ex-
ecution �ow that applies our query-specific pruning approach, whereas dashed
arrows capture the baseline execution �ow without pruning.
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network, scaled by a factor, and comes with 18 SPARQL queries based on ac-
tual user queries. The benchmark task is to answer these queries over the RDF
representation of the generated dataset, referred to as the full RDF graph in
the rest of this section. The benchmark includes an RML mapping document
containing 86 TrMap-expressions to generate the full RDF graph. The provided
SPARQL queries are diverse, using SPARQL features such as FILTER, OPTIONAL,
and GROUP BY, and contain 3�15 triple patterns each [4]. While the benchmark
is mainly used to evaluate virtualization engines [4], it has also been adapted
for evaluating materialization engines [1], making it relevant for our approach.
For each of the benchmark queries, we prune the benchmark RML mapping to
generate an RDF graph that is a subset of the full RDF graph. We con�gure
the GTFS-Madrid benchmark to generate the synthetic dataset at scale fac-
tor 10. This small scale factor �ts our aim, which is to evaluate the performance
impact of our pruning technique rather than the scalability of an end-to-end
data-mapping pipeline. Furthermore, to limit the impact of a potential imple-
mentation error in the underlying mapping engine when parsing complex input
data, we con�gure the benchmark to generate data in CSV format.

7.2 Setup

Figure 1 illustrates our evaluation pipeline. For each step of the pipeline, we
measure the time needed to complete the step. To ensure that these time mea-
surements can be clearly isolated from one another, we have implemented each
step of the pipeline via a separate component. First, the translation step nor-
malizes the RML document of the benchmark using SPARQL update queries
and, then, translates the normalized RML mappings into the mapping algebra,
both as de�ned in our earlier work [15] (where the normalization step is an adap-
tation of normalizations by Kontchakov et al. [11] and by Rodríguez-Muro and
Rezk [20]). The time required for this step is measured as the translation time.
The resulting (RML-specific) mapping expression is then pruned by using our
approach of Section 6, separately for each of the 18 queries of the benchmark.
The time required for this process per query is measured as the pruning time.
For every query, we then create an RML mapping, containing each of the re-
maining TrMap-expressions as a separate RML triples map, and serialize it into
a �le as the input for the next step. In that step, the pruned RML mappings
are executed using the CARML6 mapping engine, and the resulting partial RDF
graphs are serialized into �les, one per query. The time taken to materialize each
such RDF graph is measured as the materialization time (per query). Next, for
every query, the �le with the corresponding RDF graph from the materializa-
tion step is loaded into an Oxigraph7 triple store. Finally, we conduct the actual
querying time evaluation by running the SPARQL query under consideration on
the loaded RDF graph, with a Python wrapper for Oxigraph.8

6 https://github.com/carml/carml-jar/releases/tag/v1.4.0
7 https://github.com/oxigraph/oxigraph
8 https://pypi.org/project/pyoxigraph/

https://github.com/carml/carml-jar/releases/tag/v1.4.0
https://github.com/oxigraph/oxigraph
https://pypi.org/project/pyoxigraph/
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Table 1: For each query, the execution time for di�erent steps of the evaluation
pipeline is averaged over four runs. The last column reports the querying time
when querying the full RDF graph. TO means the execution timed out (3600s).

Query Pruning
# of TrMaps
after pruning

# of Triples
generated

Materialization
Pruning + Materialization

as % of Baseline
Materialization

Querying
Querying
without
pruning

Q1 3.39 ms 7 2,952,240 81,474.83 ms 99.46 % 0.09 ms 0.11 ms

Q2 3.40 ms 9 1,235,330 15,349.36 ms 18.74 % 9.62 ms 11.71 ms

Q3 3.55 ms 10 1,247,950 15,092.22 ms 18.42 % 0.13 ms 0.12 ms

Q4 3.28 ms 14 39,730 2,822.38 ms 3.45 % 4.15 ms 5.64 ms

Q5 4.01 ms 7 3,600 2,044.86 ms 2.50 % 0.08 ms 0.15 ms

Q6 2.88 ms 2 260 1,717.52 ms 2.10 % 0.21 ms 0.35 ms

Q7 4.63 ms 20 1,321,430 17,362.18 ms 21.20 % TO TO

Q8 4.29 ms 18 112,970 6,150.15 ms 7.51 % TO TO

Q9 4.12 ms 11 1,776,620 68,753.60 ms 83.93 % 0.41 ms 0.62 ms

Q10 3.28 ms 5 80,770 3,889.52 ms 4.75 % 43.59 ms 78.56 ms

Q11 4.48 ms 14 6,370 2,175.37 ms 2.66 % 0.12 ms 0.18 ms

Q12 4.32 ms 13 121,500 4,606.08 ms 5.62 % 72.26 ms 125.79 ms

Q13 3.24 ms 5 45,820 3,007.90 ms 3.67 % 8.37 ms 22.68 ms

Q14 3.43 ms 10 129,660 4,824.48 ms 5.89 % 99.14 ms 165.38 ms

Q15 4.46 ms 86 4,546,610 102,905.99 ms 125.63 % 0.38 ms 0.65 ms

Q16 4.60 ms 11 8,800 2,231.85 ms 2.72 % 0.09 ms 0.17 ms

Q17 3.69 ms 11 62,130 4,390.00 ms 5.36 % 0.12 ms 0.14 ms

Q18 4.46 ms 12 7,060 2,120.87 ms 2.59 % 0.11 ms 0.13 ms

Measurement of translation
time, which is query inde-
pendent (Step 1 in Fig. 1)

Baseline measurements for the number of TrMap-expressions in
the original RML document, the number of triples generated
and the materialization time without pruning nor translation

Translation
# of TrMaps
before pruning

# of Triples
generated

Baseline
Materialization
w/o pruning

218.22 ms 86 4,546,610 81,915.27 ms

To establish a baseline for our evaluation, we measure the time taken with the
original RML mapping �le of the benchmark to i) execute it to generate the full
RDF graph without pruning (baseline materialization time), and ii) query the
full RDF graph with each of the 18 SPARQL queries (baseline querying times).
For these measurements, the execution follows the dashed path in Figure 1.

The evaluation is conducted on a machine with an Intel i7 CPU (4.80 GHz)
and 16 GB of RAM, running Ubuntu 24.04.3. The whole pipeline is executed
�ve times for each of the 18 SPARQL queries, with the individual steps executed
sequentially as shown in Figure 1. The �rst run is used to warm up the pipeline
and its measurements are discarded; the measurements of the remaining four
runs are averaged per step per query. Table 1 presents these measurements.

7.3 Results

Pruning Time. We observe that the time used for pruning is negligible: be-
tween 3 and 5 ms, which is orders of magnitude shorter than even the shortest
materialization time with one of the pruned mappings (1,717.52 ms, for Q6).

Materialization Time. For 12 of the 18 queries, our approach reduces the
materialization time after pruning to at most 8% (around 7 secs) of the baseline
materialization time (82 secs)! Such signi�cant improvement is due to the small
number of remaining TrMap-expressions after pruning. Speci�cally, the original
86 TrMap-expressions are reduced to at most 20, which signi�cantly lowers the
computation e�ort of the materialization step (ignoring Q15 for the moment).
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We also observe that, for Q1 and Q9, even though the pruning step retains
fewer TrMap-expressions than for Q7, their materialization times are higher than
for Q7, which we explain as follows. These two queries contain the triple pattern
"?shape gtfs:shapePoint ?shapePoint." Triples that match this triple pattern
are produced by a TrMap-expression that is of the second form in De�nition 5
(i.e., using a join) and its two source references are the same. Hence, evaluating
this expression results in a self-join operation, which is known to cause higher
materialization time [22]. To make matters worse, the source reference refers
to the largest �le of the input dataset, SHAPES.csv, which contains about 585K
records at the considered scale factor. Despite such limitations, our approach
still achieves lower materialization times for Q1 and Q9 than the baseline.

Materializing the RDF graph for Q15 took longer than the baseline material-
ization time (about 126%). Q15 contains the triple pattern ?stop ?p ?str, which
means that no TrMap-expressions are pruned. Due to the normalization step,
each RML triples map that contains multiple predicate-object maps is normal-
ized into several separate RML triples maps, each with one predicate and one
object map [15]. As a result, the re-generated RML mapping, using the retained
TrMap-expressions, contains more RML triples map de�nitions than the original
RML mapping. However, they are semantically the same (i.e., evaluating them
independently produces the same RDF graph). A mapping engine that is not
aware of such semantic equivalence of two di�erently-written RML mappings,
may take longer for one than for the other. We can infer from our measurements
that CARML is not aware of such semantic equivalence.

Querying Time. Our measurements show that querying the RDF graphs gen-
erated via the pruned RML mappings is often faster than querying the full RDF
graph. The speed up is especially noticeable for Q10, Q12, and Q14, where the
querying time is smaller by around 44%, 42%, and 40%, respectively.

For Q7 and Q8, with and without pruning, the query execution timed out at
3600 seconds. Q7 and Q8 contain the most triple patterns, 15 and 14 respectively,
while also using the OPTIONAL feature of SPARQL and, for Q7, even DISTINCT. Al-
though Q10 also uses DISTINCT, its querying time is substantially smaller because
the corresponding generated RDF graph is much smaller (around 80K triples,
compared 1.3M triples for Q7). For Q8, the timeout occurred due to the com-
bination of having the second most triple patterns (14) and the largest chained
star-shaped group, both of which increases querying complexity.

8 Related Work

As mentioned in the introduction, there are two types of approaches to provide
access to RDF views of non-RDF data: materialization and virtualization.

Materialization approaches rely on a mapping language (e.g., RML [6] or
R2RML [21]), de�ne a direct mapping using a meta-model [2], or use manually
written scripts to transform non-RDF data to generate the RDF graph. Thus,
materialization systems [1,2,9,22] can process diverse types of data sources and
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formats into RDF graph, provided that the types of data sources and formats are
supported by the underlying mapping language, meta-model or implementation.
However, none of these systems considers a user's query while generating an
RDF graph, which can be ine�cient in dynamic environments where a query
can be answered by a small subset of the generated RDF graph.

Virtualization approaches provide SPARQL query functionality over a virtual
RDF view of the underlying non-RDF data. To this end, these approaches rewrite
any given SPARQL query into an equivalent query supported by the underlying
data source. The rewritten query is then executed against the data source, and
the fetched results are transformed back into SPARQL query results. Such query
rewriting and result transformation is usually guided by the usage of a mapping
language such as R2RML [21]. Thus, virtualization systems [3,19,5] are capable
of answering SPARQL queries over non-RDF data through virtual RDF views.
However, query rewriting also limits such systems to using data sources that
support a query language into which a SPARQL query can be translated.

While virtualization is query-aware, it is less �exible than materialization in
supported data sources, whereas materialization can handle diverse sources but
generates unnecessary triples. Our approach bridges this gap by preemptively
pruning mappings, to retain mappings relevant to answering the user's query.

9 Concluding Remarks and Future Work

The approach presented in this work opens up new possibilities for research on
using non-RDF data sources when evaluating SPARQL queries over a federation
of data sources. More concretely, there are two scenarios in which our pruning
approach is bene�cial. First, if a non-RDF data source is wrapped as a SPARQL
endpoint to provide access to an RDF view of the underlying data, generating
an up-to-date (and pruned) version of this view at query time is particularly
relevant if the source data changes frequently. Second, a query federation engine
that can query non-RDF data sources through materialization at runtime [8]
will bene�t from the pruning of irrelevant mappings. As an example of the latter
case, consider a JSON-based REST API as such a data source: if a part of the
SPARQL query over the whole federation is meant to be matched in the RDF
views of the data from requests to that API, the pruning approach will speed up
the process of both materializing the data retrieved from the API and evaluating
the relevant sub-pattern of the SPARQL query over this materialized RDF view.

While our pruning approach works at the triple pattern level, a natural next
step is to extend it to whole basic graph patterns: Performing satis�ability checks
that consider joins between multiple triple patterns may result in pruning even
more TrMap-expressions and, thus, reduce the materialization time even further.
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