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1. Introduction

This document provides instructions for style and
layout of a double column journal article. End users
want to access the huge amount of data available
through the Internet. With the development of RDF
triplestores and OWL ontologies, it became necessary
to interface SPARQL engines, since it is impossible for
an end user to handle the complexity of the “schemata”
of these pieces of knowledge: in order to express a
valid query on the knowledge of the Web of linked
data, the user must know the SPARQL query language
as well as the ontologies used to express the triples
he/she wants to query on. Relational databases are hid-
den by means of forms which lead generally to SQL
queries, and several works have been done on the gen-
eration of graph queries – in formal languages such as
SPARQL or Conceptual Graphs for example – from
keyword queries.We now believe that the automatic
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translation of NL queries into formal queries is a major
issue of the next few years in the field of information
acces.

Our work is situated in that field of research: how
can we interpret a natural language (NL) query and
translate it into SPARQL. The main postulate underly-
ing our work states that, in real applications, the sub-
mitted queries are variations of a few typical query
families. Our approach differs from existing ones in
that we propose to guide the interpretation process by
using predefined query patterns which represent these
query families. The use of patterns avoids exploring
the knowledge base (KB) to link the semantic enti-
ties identified from the keywords since potential query
shapes are already expressed in the patterns. Moreover,
the process benefits from the pre-established families
of frequently expressed queries for which we know
that real information needs exist.

In [1], we proposed a way of building queries
expressed in terms of conceptual graphs from user
queries composed of keywords. In [2], we extended
the system in order to take into account relations ex-
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pressed by the user between the keywords he/she used
in his/her query and we introduced the pivot language
which expresses these relations in a way inspired by
keyword queries. In [3], we adapted our system to
the Semantic Web languages instead of Conceptual
Graphs [4,5]. Such an adaptation was important for us
in order to evaluate the interest of our approach on real
large KBs.

This article presents our approach through the Se-
mantic Web Interface Using Patterns (Swip) system,
which takes a NL query as input and proposes ranked
SPARQL queries and their associated descriptive sen-
tences to the user as output. Section 2 summarizes
works and systems sharing our objectives. Section 3
presents an overview of the Swip system. Section 4
introduces the pivot language which is an intermedi-
ate format between the NL query and the SPARQL
query, and which allows us to adapt our system to dif-
ferent natural languages easily. Section 5 describes the
process of translation from NL to pivot query. Sec-
tion 6 explains the notion of query patterns and Sec-
tion 7 their utilisation for the query graph contruction.
Then, we present the implementation of our work in
Section 8 and evaluation results in Section 9, before
concluding and stating future work in Section 10.

2. Related work

2.1. Usability

The relevancy of NL interfaces has been reconsid-
ered several times in the literature, without leading
to any clear-cut conclusion [6,7,8,9]. In [10], the au-
thors evaluate the usability of interfaces allowing users
to access knowledge through NL. They identify three
main problems in such interfaces:

– the linguistic ambiguity of NL, i.e. the multiple
ways the same NL expression can be interpreted,
is the first and most obvious one;

– the adaptivity barrier makes interfaces with good
retrieval performance not very portable; these
systems are mostly domain-specific and thus hard
to adapt to other domains;

– the habitability problem states that end users can
be quite at a loss when facing too much freedom
in query expression: the user can express queries
outside the systems capabilities.

The main contribution of [10] is inspired by this
last problem: the habitability hypothesis states that an

NL interface, to present the best usability performance,
should impose some structure on the user in order to
help him/her during the query formulation process. To
support their hypothesis, the authors describe the us-
ability study they conducted on real users. For this,
they developed four query interfaces and benchmarked
them against each other with 48 users.

The authors break away from the traditional di-
chotomic classification which separates full NL from
formal query approaches. They propose to situate each
query system on a formality continuum according to
the nature of its interface with the end user. Full NL in-
terfaces are at one end of this continuum, while formal
query languages lie at the other end. Thus, according
to the habitability hypothesis, the most efficient inter-
face from the usability point of view should lie some-
where towards the middle of the formality continuum.
The systems developed for the usability study are nat-
urally situated on this continuum: (i) NLP-Reduce [11]
is a ’naive’ and domain-independent NL interface in
which queries can be expressed in the form of key-
words, sentence fragments or full English sentences;
(ii) Querix [12] is a domain-independent NL interface
in which queries must be expressed in the form of full
English questions beginning with “Which. . . ”, line-
break“What. . . ”, “How many. . . ”, “How much. . . ”,
“Give me. . . ”, or “Does. . . ”; (iii) Ginseng [13] is a
guided input NL search engine that makes it compul-
sory for the user to formulate his/her query in the form
of a sentence respecting a given grammar; (iv) Seman-
tic Cristal is a graphical tool which helps the user build
the formal queries.

The results of the study bring out that users felt
much more confortable using Querix and its query lan-
guage, which tends to confirm the habitability hypoth-
esis. However, it is important to note that this users’
feedback and their perception of the correctness of an-
swers do not represent the actual correctness of the
benchmarked systems. Indeed, NLP-Reduce obtained
better performance on important objective criteria (av-
erage time per query and retrieval). Some extra interac-
tion with the user performed by Querix (explicit word
disambiguation, NL feedback) seems to create more
confidence.

Despite these results, we clearly consider that an im-
portant issue in the coming years will be to generate
queries from NL expressed orally through mobile de-
vices. Users are more and more used to querying their
terminals as if they were asking a question to a friend.
In this context, full NL interpretation will be unavoid-
able. We nevertheless retain from this work the need
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for interaction and feedback to the user. This point of
view is reinforced by the recent work presented in [14]
which exploits feedback and clarification dialogue to
enhance user experience.

2.2. Existing approaches

In this section, we present approaches aiming at for-
mulating graph queries developed so far. We stick here
to the classification proposed in [10], and present them
following the formality continuum, from the most to
the least formal, beginning with the query languages
themselves.

On one end of this continuum are the formal graph
languages, such as SPARQL1. They are the targets
of the systems presented in this section. Such lan-
guages present obvious usability constraints, which
make them unadapted for end users. Expressing for-
mal queries indeed implies knowing and respecting the
language syntax used, understanding a graph model
and, most constraining, knowing the data schema of
the queried KB. Some works aims at extending the
SPARQL language and its querying mechanism in
multiple ways: by taking into account keywords and
wildcards when the user does not know exactly the
schema he/she wants to query on [15], by using reg-
ular expression to express property path [16], or by
adding navigational capabilities of nested regular ex-
pressions [17]. Here again, such approaches requires
that the user knows the SPARQL language.

Very close are approaches assisting the user dur-
ing the formulation of queries in such languages. Very
light interfaces such as Flint2 and SparQLed3 imple-
ment simple features such as syntactical coloration and
autocompletion. Other approaches rely on graphical
interfaces such as [18] for RQL queries, [19,20] for
SPARQL queries or [21] for conceptual graphs. Even
if these graphical interfaces are useful and make the
query formulation work less tedious, we believe they
are not well suited for end users since they do not over-
come the previously mentioned usability limits of for-
mal graph query languages.

Sewelis [22,23,24] introduces Query-based Faceted
Search, a new paradigm combining faceted search
and querying, the most popular paradigms in se-
mantic data search, while other approaches such as
squall2sparql [25] define a controlled NL whose trans-

1http://www.w3.org/TR/rdf-sparql-query/
2http://openuplabs.tso.co.uk/demos/sparqleditor
3http://sindicetech.com/sindice-suite/sparqled/

lation into SPARQL is straightforward. Before using
these systems correctly, end users need to get used to
them.

Other works aim at generating automatically – or
semi-automatically – formal queries from user queries
freely expressed in terms of keywords or full NL. Our
work is situated in this family of approaches. The
user expresses his/her information need in an intuitive
way, without having to know the query language or
the knowledge representation formalism used by the
system. Some works have already been proposed to
express formal queries in different languages such as
SeREQL [26] or SPARQL [27,28,29]. In these sys-
tems, the generation of the query requires the follow-
ing steps: (i) matching the keywords to semantic enti-
ties defined in the KB, (ii) building query graphs link-
ing the entities previously detected by exploring the
KB, (iii) ranking the built queries, (iv) making the user
select the right one. The existing approaches focus on
several main issues: optimizing the first step by using
external resources (such as WordNet or Wikipedia)[26,
30], optimizing the knowledge exploration mechanism
for building the query graphs [27,28], enhancing the
query ranking score [30], and improving the identifi-
cation of relations using textual patterns [29].

Autosparql [31] extends the previous category: after
a basic interpretation of the user NL query, the system
converses with the user, asking for positive and nega-
tive examples (i.e. elements which are or are not in the
list of expected answers), in order to refine the initial
interpretation by performing a learning algorithm. A
complete survey on NL to semantic web interfaces is
available in [32].

In most of the aforementioned approaches, the final
query graph is obtained by browsing the KB and link-
ing its entities which have been identified in the user
query. This step is lead by some heuristics and can re-
sult in a query graph which is inconsistent or mean-
ingless, from a user point of view. We propose to de-
fine and exploit query patterns to lead the query build-
ing step; these manually built patterns ensure that the
generated graph queries are always consistent for the
user.

Regarding the evaluation task, only a few works
have been proposed at the moment. [33] decribes an
evaluation of usability and user satisfaction for se-
mantic search query approaches on experts and casual
users points of view. We can also mention the QALD
(Question Answering over Linked Data) initiative. We
participated to this challenge in 2011 and 2013.
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Fig. 1. Overview of the whole Swip interpretation process.

3. System overview and context

In the Swip system, the query interpretation process
consists of two main steps which are illustrated in Fig-
ure 1. The first step, the NL query interpretation, is
presented in Section 5; it roughly consists in the iden-
tification of named entities, a dependency analysis and
the translation of the obtained dependency tree into a
new query, called pivot query. The pivot query explic-
itly represents extracted relations between substrings
of the NL query sentence and is presented in Section 4.

In the second step, pivot query formalization, pre-
sented in Section 7, predefined query patterns are
mapped to the pivot query; we thus obtain a list of
potential interpretations of the user query, which are
then ranked according to their estimated relevance and
proposed to the user in the form of reformulated NL
queries.

The KB we consider in this work consists in a tax-
onomy of classes and properties, instances of classes,
literals and relations expressed between these entities
in the form of triples. It is formally defined below.

Definition 1 (Knowledge base) A knowledge baseKB
is a tuple (V, P,E) where

– V is a finite set of vertices. V is conceived as the
disjoint union C ] I ] L, where C is the set of
classes, I is the set of instances and L is the set
of literal values. A literal value can be specified
of some type; ` is the set of literal types; a func-

tion type : L → ` ∪ ∅ associates its type to each
literal.

– P is a finite set of properties, subdivided by
P = Ro ]Rd ] {instanceOf,
subclassOf, subpropertyOf}, where Ro is the
set of object properties, Rd is the set of datatype
properties, instanceOf expresses the class mem-
bership of an entity, and subclassOf (resp.
subpropertyOf ) is the taxonomic relation be-
tween classes (resp. properties). Rd contains
amongst other properties “label” which captures
the terminological expression of an entity.

– E is a finite set of edges of the form p(v1, v2) ful-
filling one of the following conditions:

∗ p ∈ Ro and v1, v2 ∈ I,
∗ p ∈ Rd and v1 ∈ I and v2 ∈ L,
∗ p = instanceOf , v1 ∈ I and v2 ∈ C,
∗ p = subclassOf and v1, v2 ∈ C,
∗ p = subpropertyOf and v1, v2 ∈ P ,

E = C ∪ I ∪ ` ∪ L ∪ Ro ∪ Rd is the set of all KB
elements.

Note that the popular KBs of the Web of linked data
are mostly based on RDF schemas or OWL ontolo-
gies and can thus easily be reduced to the type of KB
described above. For our evaluation purpose, we used
DBpedia4 and an RDF export of Musicbrainz5 based
on the music ontology [34].

In the following, we consider this shortcut function:
label : r 7→ {l|label(r, l) ∈ KB}.

4. The pivot query

4.1. Justification

As explained earlier, the whole process of interpret-
ing an NL query is divided into two main steps, with
an intermediate result, which is the user query trans-
lated into a new structure called the pivot query. This
structure is half-way between the NL query and the tar-
geted formal query, and aims at storing results from the
first interpretation step. Briefly, it takes up keywords
from the original NL query and expresses identified re-
lations between those keywords; it can be expressed
through a language, called pivot language. We use this
intermediate result for two main reasons.

4http://dbpedia.org
5http://musicbrainz.org/
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It facilitates the implementation of multilingualism
by means of a common intermediate format: a specific
module of translation of NL to pivot has to be written
for each different language, but the pivot query formal-
ization step remains unchanged. For the moment, we
have experimented our system in English and French.

It captures relations between keywords which can
be extracted from the user query dependency analy-
sis. This information is mainly ignored by other ap-
proaches.

4.2. Formal definition of a pivot query

A pivot query is made of one or more subqueries.
And a subquery is made of one or more query el-
ements. In this section, we define these notions in
bottom-up order.

The atomic element of a pivot query is called a query
element. It can be a keyword (such as "actor"), a
literal type (such as date), or a typed literal (such as
date<2013-04-05>).

Definition 2 (Query element) Let Kq be a dictionary
containing the set of all keywords. The function val
associates with each member k ∈ Kq its string value
val(k).

Let `q be the set of all query elements referring to
a literal type. The function val associates with each
member l ∈ `q its corresponding literal type in the KB
val(l) ∈ `.

Let Lq be the set of all query elements referring to
a literal value. The function val associates with each
member L ∈ Lq its corresponding literal in the KB
val(L) ∈ L, and thus type(val(L)) ∈ ` identifies the
corresponding literal type.
Eq = Kq ∪ `q ∪ Lq is the set of all query elements.

Query elements are ordered by sets of one, two or
three, according to specific rules, to build subqueries.

Definition 3 (Subquery) Sq1 = Eq (resp. Sq2 =
Kq×Eq , Sq3 = Kq×Kq×Eq) is the set of subqueries
composed of one (resp. two, three) query element(s).
Sq = Sq1 ∪ Sq2 ∪ Sq3 is the set of all subqueries.

The Swip system supports three types of queries
which are defined by the form of the expected result:

– list queries expect a list of resources fulfilling
certain conditions as a result and their SPARQL
translation is a “classic” SELECT query;

– count queries ask for the number of resources
fulfilling certain conditions and correspond in
SPARQL to a SELECT query using a COUNT ag-
gregate as a projection attribute;

– dichotomous queries allow only two answers, Yes
or No, and are expressed in SPARQL with an ASK
query.

Definition 4 (Query type) Tq = {list, count,
dichotomous} is the set of query types.

Finally, a pivot query is a finite set of subqueries as-
sociated with a set of focus elements and a given query
type. Focus elements of a pivot query represent the
main information required by the user and must obvi-
ously appear in this query; all query elements referring
to a literal type must be focus elements and no literal
value can be a focus element; a list query must contain
at least one focus element.

Definition 5 (Pivot query) q = (S, F, T ) ∈ 2Sq ×
2Kq∪` × Tq is a pivot query iff: F ⊆

⋃
s∈S

s, F ⊇⋃
s∈S

s ∩ `q , F ∩ Lq = ∅, and |F | ≥ 1 if T = list.

Qq is the set of all pivot queries.

∀q = (S, F, T ) ∈ Qq , focus(q) = F ∈ 2Kq∪`

denotes the set of focus elements of q, and elem(q) =⋃
s∈S

s denotes the set of query elements present in q.

4.3. Syntax of the pivot language

Although the pivot query is an intermediary result,
we defined a language which formulates such pivot
queries thereby facilitating communication and inter-
action during the interpretation process. The grammar
of this language is defined in [3]. We give here a more
intuitive presentation of its features.

The pivot language we propose is an extension of a
classical keyword language, which explicitly declares
relations between keywords. The optional “?” symbol
before a query element means that this element is the
focus of the query: we want to obtain specific results
corresponding to this keyword. As presented in 4.2,
a pivot query is composed of a conjunction of sub-
queries:

– unary subqueries, like ?"actor"which asks for
the list of actors in the knowledge base;
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– binary subqueries which qualify a keyword with
another keyword: the query
?"actor": "married." asks for the list of
married actors;

– ternary subqueries which qualify, by means of a
keyword, the relationship between two other key-
words: the query ?"actor": "married to"=
"Penelope Cruz" asks for the actor(s) that
is/was/were married to Penelope Cruz.

The pivot language also allows a “factorization” of
these subqueries, inspired by the Turtle RDF serializa-
tion language, as illustrated in the following example.

The query type is expressed at the end of a query,
by a reserved uppercase keyword: COUNT (resp. ASK)
implies a count (resp. dichotomous) query, no keyword
implies a list query.

4.3.1. Example
A possible translation of the NL query “When was

the album Abbey Road released?” is
?"Abbey Road": "album". "Abbey Road":
"release"= ?date (or in a more condensed form
?"AbbeyRoad": "album"; "release"=
?date), whose representation using the previously

introduced notations is a query q such as:

– k1, k2, k3 ∈ Kq , val(k1) =“Abbey Road”,
val(k2) =“album” val(k3) =“release”,

– l1 ∈ `, corresponding to type xsd:date,
– q = {{(k1, k2), (k1, k3, l1)}, {l1}}

5. From NL to pivot query

The translation of an NL query into a pivot query
is based on the use of a syntactic dependency parser
which produces a tree where nodes correspond to the
words of the sentence and edges to the grammatical
dependencies between them. As illustrated in Figure 2,
the translation is done in several steps.

5.1. Named entity identification

Before parsing the query, the first stage identifies
in the sentence the entities corresponding to KB re-
sources. These entities are then considered as a whole
and will not be separated by the parser in the next
stage. For example, in the sentence “who are the actors
of Underworld: Awakening”, “Underworld: Awaken-
ing” will be considered as a named entity as it is the la-
bel of an instance of Film in the KB. This stage is par-

Natural language query

NE identification

Dependency analysis

Query focus identification

Query type identification

Subquery generation

Pivot query

Fig. 2. Substeps of the NL query interpretation step.

ticularly crucial when querying KBs containing long
labels, such as group names or film titles made up of
several words or even sometimes of a full sentence.
This stage relies on the use of gazetteers constructed
according to the considered KB.

5.2. Dependency analysis

Then, a dependency tree of the user NL query is pro-
cessed by an external dependency parser, taking into
account the previously identified named entities.

5.3. Query focus identification

This stage aims at identifying the query focus, i.e.
the element of the query for which the user wants re-
sults (the element corresponding to the variable which
will be attached to the SPARQL SELECT clause). The
focus of the query is searched for by browsing the tree
looking for an interrogative word. In the case when
an interrogative word is found and an edge links it to
a noun, the lemma of the noun is set to be the focus
of the query. For example, for the query “Which films
did Ted Hope produce?”, the focus of the query will
be “film”. If such an edge does not exist, we set the
focus query as being a keyword representing the type
of answer expected by the interrogative word. For the
query “When did Charles Chaplin die?”, the focus will
be “date”. For the query “who played in the Artist?”,
the focus is “person”. If no interrogative word is found
in the tree, we look for specific phrases introducing
list queries, which are queries that also expect a list
of resources fulfilling certain conditions; such queries
start with “List”, “List all”, “I am looking for”, “What
are”,“Give me”. . . In this case, the focus of the query
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will be the lemma of the noun identified as the direct
object of the verb in the clause in which the phrase is
found. For example, in the query “List all the films in
which Charles Chaplin acted”, the focus will be “film”.

5.4. Query type identification

If no query focus has been identified, we consider
the query as dichotomous. This is the case for the
query “Was Jean Dujardin involved in the film The
Artist?” for which there will be no focus defined.

If at least one query focus was identified, we check
for the presence of a specific phrase introducing count
queries, such as “How many”. If such a phrase is spot-
ted, then the query is considered as a count query, oth-
erwise it is a list query.

5.5. Subquery generation

The dependency tree is once more browsed in order
to identify from the different clauses of the sentence
the possible subqueries constituting the pivot query. A
stop list containing typical stop words and words com-
posing phrases introducing list queries is used. Nodes
for which the lemma is in this list or for which the part
of speech indicates it is a determiner or preposition are
ignored.

The following rules are applied. If two nodes are
part of a nominal phrase identified when their part
of speech is a noun and when an edge represent-
ing a head/expansion dependency links them, a bi-
nary subquery is constructed according to the lemma
of the noun playing the role of the expansion and
the lemma of the noun playing the role of the head.
For example, for the query “Give me all the films of
Jean Dujardin”, the generated binary query will be
?"film": "Jean Dujardin". If three nodes are
part of a clause composed of a subject, a verb and an
object, a ternary subquery is constructed according to
the lemma of each node. For the clause “Who played in
the Artist?”, the corresponding ternary subquery will
be ?"person": "play"= "the Artist". If
the part of speech of a node is a relative pronoun,
the keyword used for representing this node in a
subquery will be the lemma of the noun it refe-
rences. For example, for the query “Who played in
a film in which Jean Dujardin also played?”, the
subquery corresponding to the second clause will
be "film": "play"= "Jean Dujardin", the
subquery generated for the first clause is ?"person":
"play"= "film". Note that the use of the same

keyword allows us to express that the same film has to
be considered in both subqueries.

For each node, each rule is analyzed. This means
that several subqueries can be generated from one
clause. For example, for the clause“Was Jean Dujardin
involved in the film The Artist?”, both subqueries
?"film": "The Artist" and
"Jean Dujardin": "involved"= "The
Artist" will be generated.

These rules might seem simple but we have ob-
served that the structure of queries expressed by end
users is generally simple.

6. Query patterns

6.1. Justification

The main postulate underlying our work claims that
queries issued by real life end users are variations of
a few typical query families. The authors from [35]
analyse query logs from a real Web search engine, dis-
cuss their results and compare them to previous simi-
lar studies [36,37,38]. Although first superficial obser-
vations tend to contradict our hypothesis, their conclu-
sions after a deeper analysis confirm the relevancy of
our approach.

The authors firstly point out that the vocabulary (and
so potentially, for what matters to us, the semantics)
of queries is highly varied. On the query set they anal-
ysed, including 926,877 queries containing at least one
keyword, of the 140,279 unique terms, some 57.1%
were used only once, 14.5% twice, and 6.7% three
times. This represents a rather high rate of very rarely
used terms, compared to “classical” text resources.
These figures must be moderated, this phenomenon be-
ing partially caused by a high number of spelling er-
rors, terms in languages other than English, and Web
specific terms, such as URLs.

On the other hand, a few unique terms are used
very frequently. In the queries analysed, the 67 most
frequent meaningful terms (i.e. terms such as “and”,
“of”, “the” were not taken into account) represent only
0.04% of unique terms that account for 11.5% of all
terms used in all queries.

Moreover, two further analyses were carried out to
complete these results. The first one addresses co-
occurrence of terms; identifying the most frequently
occurring pairs of terms highlights some popular and
recurrent topics. The second is qualitative and is the
most relevant to the semantics of queries. It consists in
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the manual classification of a subset of the query set.
11 major categories were highlighted from this analy-
sis, each one corresponding to a set of related topics.

Such observations led us to propose a mechanism
for a user query to be expressed in NL and then trans-
lated into a graph query built by adapting pre-defined
query patterns chosen according to the keywords.

6.2. Intuitive presentation of patterns

Examples 1, 2, 3 and 4 present some simple NL
queries a user could ask on the cinema domain.

Example 1 Who plays in the movie The Artist?

Example 2 Who is the director of the movie The
Artist?

Example 3 Which movies were directed by Michel
Hazanavicius?

Example 4 Which movies were directed by the Coen
brothers?

Figure 3 presents some query graphs which are for-
mal translations of these NL query examples; these
graphs target a KB on the cinema domain and the pro-
cess of matching them to this KB would lead to the
answers of each NL query (assuming that these an-
swers are contained in the KB). For instance, the query
in Subfigure 3(a) asks for the actors playing in the
movie “The Artist”. In the graph translation, the vari-
able ?res represents the queried resource; during the
matching process of the query graph to the targeted
KB, the set of all values taken by this variable will be
considered as the answer to the query (see [39] for a
formal definition of SPARQL and its semantics).

The pattern presented in Figure 4 is a very sim-
ple pattern covering all queries asking for the actors
present in a particular movie. The node c1 is called a
qualifying element; it targets the class cine:Movie
of the KB. This means that, to obtain the query graph
corresponding to an actual query pertaining to the fam-
ily identified above, we just have to substitute this
qualifying element with the concerned movie instance.
We call this process a pattern instantiation. The instan-
tiation of the pattern 4 for the query from example 1
will lead to the query graph shown in Figure 3(a), by
substituting the qualifying element with the resource
cine:TheArtist.

Each query pattern also presents a template sentence
which can be used to generate a descriptive sentence

?rescine:TheArtist
cine:hasForActor

(a)

?rescine:TheArtist
cine:hasForDirector

(b)

?res cine:MHazanavicius
cine:hasForDirector

(c)

?res

cine:JoelCohen

cine:EthanCohen

cine:hasForDirector

cine:hasForDirector

(d)

Fig. 3. Example graph queries targeting the cinema KB. Graphs 3(a),
3(b), 3(c) and 3(d) respectively correspond to NL queries from ex-
amples 1, 2, 3 and 4.

?rescine:Movie
c1

cine:hasForActor

Template sentence: Who plays in [c1]?

Fig. 4. Pattern issued from query 3(a).

representing the meaning of the query obtained after
instantiating the pattern. This template is a succession
of static strings and elements referencing the qualify-
ing elements of the pattern graph. These referencing
elements are intended to be substituted by a label of
the resource which replaced the referred qualifying el-
ement during the instantiation process. For instance,
the instantiation of pattern 4 for the query from exam-
ple 1 will lead to the following descriptive sentence:
“Who plays in The Artist?” (in this case, we obtain
the exact same sentence because the sentence template
was inspired from the example sentence). The template
sentence can also be enriched with control structures
in more advanced patterns (containing optional and re-
peatable parts), as presented later in this paper.

In the same way, we can build patterns 5(a) and 5(b),
respectively inspired from query graphs 3(b) and 3(c).
These patterns are quite similar, one asking for the
director(s) of a particular movie, the other for the
movie(s) made by a given director. Pattern 5(c) is the
result of merging these two patterns; its graph thus
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contains two qualifying elements c1 and c2, one refer-
ring to the class cine:Movie and the other to the
class cine:Director. Since this pattern queries el-
ements of different classes, the descriptive sentence
template is no longer in the form of a question because
we now have to anticipate both cases when either the
instantiation of c1 or the instantiation of c2 is the fo-
cus of the query. The instantiation of this pattern for
the query from example 2 will lead to the query graph
in Figure 6 and the generated descriptive sentence will
be: “The Artist was directed by some director.” A sub-
string of this sentence must be syntactically empha-
sized to inform the user on the query focus.

?rescine:Movie
c1

cine:hasForDirector

Template sentence:
Who directed [c1]?

(a)

?res cine:Director
c1

cine:hasForDirector

Template sentence:
Which movie was directed by [c1]?

(b)

cine:Movie
c1

cine:Director
c2

cine:hasForDirector

Template sentence:
[c1] was directed by [c2]?

(c)

Fig. 5. Patterns 5(a) and 5(b) are respectively inspired by
queries 3(b) and 3(c). Pattern 5(c) comes from merging patterns 5(a)
and 5(b).

?res

cine:Director

cine:TheArtist
cine:hasForDirector

rdf:Type

Fig. 6. Query graph issued from instantiation of pattern 5(c) for
query from example 2.

Then, to allow the generation of graph query 3(d),
pattern 5(c) must be instantiated by repeating the only

cine:Movie
c1

cine:Director
c2

cine:hasForDirector

Template sentence: [c1] was directed by for_director([c2])?

director × 1..n

(a)

cine:Movie
c1

cine:Actor
c2

cine:Director
c3

cine:hasForDirectorcine:hasForActor

Template sentence: [c1] if_actor( stars for_actor( [c2]),)
if_director( was directed by for_director( [c3] ))

director × 0..nactor × 0..n

(b)

Fig. 7. Examples of complex patterns, containing optional or repeat-
able subpatterns.

triple constituting it, with two different instances for
the Director class. This is enabled by making this triple
repeatable during the pattern instantiation, assigning to
it a maximal cardinality of n, as shown in Figure 7(a),
which allows it to be repeated as many times as needed
in a pattern instantiation. The instantiation of this pat-
tern for the query from example 4 will lead to the query
graph presented in Figure 3(d) and the generated de-
scriptive sentence will be: “A movie was directed by
Joel Coen and Ethan Coen.”

In a similar way, it is possible to assign to a subpat-
tern a minimal cardinality which, when equal to zero,
makes this subpattern optional, i.e. it does not have to
appear in a pattern instantiation. The pattern shown in
Figure 7(b) is an evolution of pattern 7(a), containing
a new optional triple to query for actors who played in
a movie (or for the movies starring some actors).

6.3. Formal definition

A pattern is a special kind of subpattern. A subpat-
tern is defined upon the notion of basic subpattern. A
basic subpattern is made of pattern triples. A pattern
triple is a set of three pattern elements. In this section,
we define all these notions in bottom-up order.

Definition 6 (Pattern element) Let CP be the set of
all class pattern elements. The function targ asso-
ciates with each member c ∈ CP the class targ(c) ∈ C
it targets.

Let `P be the set of all literal type pattern elements.
The function targ associates with each member l ∈ `P
the literal type targ(l) ∈ ` it targets.

Let IP be the set of all instance pattern elements.
The function targ associates with each member i ∈ IP
the instance targ(i) ∈ I it targets.
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Let LP be the set of all literal value pattern ele-
ments. The function targ associates with each member
L ∈ LP the literal targ(L) ∈ L it targets.

Let PoP be the set of all object property pattern ele-
ments. The function targ associates with each member
po ∈ PoP the object property targ(po) ∈ Po it targets.

Let PdP be the set of all datatype property pattern
elements. The function targ associates with each mem-
ber pd ∈ PdP the datatype property targ(pd) ∈ Pd it
targets.
Ep = CP ∪ `P ∪ IP ∪LP ∪PoP ∪PdP is the set of

all pattern elements.
Equal = CP ∪`P ∪PoP ∪PdP is the set of potentially

qualifying pattern elements.

A pattern triple is a list of three pattern elements
respecting constraints expressed in Figure 8.

Definition 7 (Pattern triple) TP = (CP ∪ IP ) ×((
PoP × (CP ∪IP )

)
∪
(
PdP × (`P ∪LP )

))
is the set

of all pattern triples.
A function elem associates with each pattern triple

t ∈ TP the set of its constituting pattern elements.
∀t = (ep1, ep2, ep3) ∈ TP , elem(t) = {ep1, ep2, ep3}

A basic subpattern is a set of pattern triples.

Definition 8 (Basic subpattern) Bp = 2TP is the set
of all basic subpatterns.

A function elem associates with each basic subpat-
tern b ∈ Bp the set of its constituting pattern elements.
∀b ∈ Bp, elem(b) = ∪t∈belem(t)

Definition 9 (Subpattern) Let Sp be the set of all sub-
patterns.

If the 4-uple s = (S,Q, cmin, cmax) ∈ 2Sp∪Bp ×
2Q×N×N∗ is a subpattern, we note cont(s) = S the
set of (basic) subpatterns contained in s, qual(s) = Q
its set of qualifying elements, cardmin(s) = cmin and
cardmax(s) = cmax its minimal and maximal cardi-
nality respectively, and elem(s) = ∪s′∈Selem(s′) the
set of its constituting pattern elements.

A subpattern is defined recursively as follows:

1. if b ∈ Bp, b is connected, Q ∈ 2Equal , Q ⊂
elem(b), cmin ∈ N, cmax ∈ N∗ and cmin ≤
cmax, then (b,Q, cmin, cmax) ∈ Sp;

2. if s1, . . . , sn ∈ Sp, n ≥ 1,
⋃
cont(si) is

connected, Q ∈ 2Equal , ∪qual(si) ∩ Q = ∅,
Q ⊂ ∪elem(si), cmin ∈ N, cmax ∈ N∗,
cmin ≤ cmax, ∀i 6= j, qual(si) ∩ elem(sj) =
∅, and ∀i,∃v ∈ elem(si)/v is a cut vertex of

⋃
cont(si) (i.e.

⋃
cont(si) \ v is non-connected

and thus admits cont(si)\v as a connected com-
ponent), then (

⋃
cont(si), Q, cmin, cmax) ∈ Sp;

In other words, a subpattern sp is either:

– a basic subpattern attached to some of its ver-
tices as qualifying vertices, and two integer values
as minimal and maximal cardinalities, the former
being logically lower than the latter,

– or a set of subpatterns attached to some vertices
contained in these subpatterns as qualifying ver-
tices, and two integer values as minimal and max-
imal cardinalities, such as:

∗ minimal cardinality is lower than maximal car-
dinality,

∗ the graph formed by the union of all subpattern
graphs is connected,

∗ for each included subpattern, its qualifying ver-
tices do not appear in any other included sub-
pattern nor in the set of sp qualifying vertices,

∗ each included subpattern contains a cut vertex
of sp graph; this last condition guarantees that
the suppression of an optional subpattern will
always lead to a connected query graph, and
that the repetition of a subpattern will be made
in a consistent way “around” this vertex which
will be an anchor point to the rest of the query
graph.

Definition 10 (Query pattern) A query pattern is a
subpattern which is not contained in any other subpat-
tern. If p is a pattern, then cardmin(p) = cardmax(p) =
1.

Let PP be the set of all query patterns.

7. From pivot to formal query

We define here the semantics of the pivot language
by presenting the interpretation that is made of a given
pivot query q ∈ Qq through a given query pattern
p ∈ Pp. Figure 9 shows all substeps of this process.
Query patterns are mapped against the pivot query. The
result of this process is a set of pattern mappings, each
pattern mapping being a candidate interpretation of
the pivot query (and thus the user query). In order to
present to the user most relevant interpretations in pri-
ority, these pattern mappings are ranked according to
a calculated relevance mark. Then, the generation for
each mapping of the SPARQL query and the descrip-
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Datatype property

Object property

Instance

Class

Class

Instance

Literal type

Literal

Predicate ObjectSubject

Fig. 8. Constraints on the elements constituting a pattern triple. Elements with a grey background can be qualifying elements.

tive sentence (which will be presented to the user) is
straightforward thanks to the graph-shape of patterns
and their sentence templates. Substeps are detailed in
this section.

Pivot query

Matching query elements

Mapping pattern elements

Mapping subpatterns

Mapping patterns

Ranking possible interpretations

Generating explicative sen-
tences and formal queries

Formal queries ordered list

Fig. 9. Substeps of the pivot query interpretation step.

7.1. Matching query elements to KB elements

We consider a function sim : K2
q → [0; 1] defin-

ing a similarity measure between strings, such as ∀k ∈
Kq, sim(k, k) = 1.

The function sim : E×Kq → [0; 1] returns the high-
est similarity measure between all labels of a consid-
ered resource r ∈ E and a string k ∈ K: ∀k ∈ Kq, r ∈
E , sim(r, k) =Maxl∈label(r)sim(l, k)

The function matchKB : Eq×]0; 1] → 2E×]0;1]

matching a query element eq ∈ Eq to a knowledge base
KB, with a threshold σ ∈]0; 1] is defined as follows:

– if eq ∈ Kq , matchKBσ (eq) = {(r, sim)|sim =
sim(r, val(eq)) ≥ σ},

– if eq ∈ Lq , matchKBσ (eq) = {(val(eq), 1)},
– if eq ∈ `, matchKBσ (eq) = {(val(eq), 1)}.

7.2. Mapping pattern elements

The function mapEEKB : Equal × Eq×]0; 1] →
2E×]0;1] mapping a pattern element ep ∈ Equal to a
query element eq ∈ Eq , with a threshold σ ∈]0; 1]
within the context of a knowledge base KB is defined
as follows:

– if ep ∈ CP and eq ∈ Kq , mapEEKBσ (ep, eq) =
{(ep, eq, r, t)|(r, t) ∈ matchσ(eq,KB) and
(instanceOf(r, targ(ep)) ∈ KB or
subclassOf(r, targ(ep)) ∈ KB)},

– if ep ∈ PoP ∪ PdP and eq ∈ Kq ,
mapEEKBσ (ep, eq) = {(ep, eq, r, t)|(r, t) ∈
matchKBσ (eq) and
subpropertyOf(r, targ(ep)) ∈ KB},

– if ep ∈ `P and eq ∈ Lq , mapEEKBσ (ep, eq)
= {(ep, eq, r, t)|(r, t) ∈ matchKBσ (eq) and
type(r) = targ(ep)},

– if ep ∈ `P and eq ∈ `, mapEEKBσ (ep, eq)
= {(ep, eq, r, t)|(r, t) ∈ matchKBσ (eq) and
val(r) = targ(ep)},

– otherwise mapEEKBσ (ep, eq) = ∅,

The result of this function is a set of element map-
pings. An element mapping maps a pattern qualify-
ing element to a query element according to a pre-
viously established matching. When (ep, eq, r, t) ∈
mapEEKBσ (ep, eq), we say that the pattern element
ep can be mapped to the query element eq through the
resource r and with the trust note t.

We also consider, for each qualifying pattern ele-
ment ep, an empty element mapping ∅epM = (ep, ∅, ∅, 0).
In such a mapping, the considered pattern element is
not mapped to anything.

The function mapEQKB mapping a pattern ele-
ment ep ∈ Equal to a pivot query q ∈ Qq , with a
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mapEQKB :Equal ×Qq×]0; 1]→2E×]0;1]

(ep, q, σ) 7→{mapEEKBσ (ep, eq)|eq ∈ elem(q)} ∪ ∅M

Fig. 10. Mapping a pattern element to a pivot query.

threshold σ ∈]0; 1] within the context of a knowledge
base KB is defined in Figure 10.

7.3. Mapping subpatterns

A mapping of a subpattern sp consists in a set of
element mappings for each of its qualifying elements
qual(sp), associated with a subpattern mapping for
each of its contained subpatterns cont(sp). M is the
set of all subpattern mappings. The recursive function
mapSQKB mapping a subpattern sp ∈ SP to a pivot
query q ∈ Qq , with a threshold σ ∈]0; 1] within the
context of a knowledge base KB is defined in Fig-
ure 11.

7.4. Mapping patterns

As query patterns are subpatterns, they are mapped
in the same way. The result of this step is a set of
pattern mappings. A pattern mapping mp maps a pat-
tern p to the considered pivot query q and constitutes
a possible interpretation of the user query. We note
elemMap(mp) the set of all element mappings con-
tained in a given pattern mapping mp.

7.5. Ranking pattern mappings

In order to present first to the user the query inter-
pretation which seems to be the most relevant, a rele-
vance mark R is processed for each pattern mapping
mp. This mark is made up of several partial marks,
presented in Figure 12, each one taking into account a
number of parameters determined as being relevant.

Element mapping relevance mark Rmap (1) repre-
sents the confidence in the different element mappings
involved in the considered pattern mapping. Query
coverage relevance mark RQcov (2) takes into account
the proportion of the initial user query that was used
to build the mapping. Pattern coverage relevance mark
RPcov (3) takes into account the proportion of the pat-
tern qualifying vertices that was used to build the map-
ping. The final relevance markR (4) is computed from
previous partial marks

8. Full SPARQL implementation

A prototype of our approach has been implemented
in order to evaluate its effectiveness. It is available
at http://swip.univ-tlse2.fr/SwipWebClient. It has been
implemented through web services and uses TreeTag-
ger [40] for the POS tagging and MaltParser [41] for
the dependency analysis of user queries. The system
performs the second main process step (translating
from pivot to formal query) by exploiting a SPARQL
server based on the ARQ6 query processor. In this sec-
tion, we describe, in more detail, the implementation
of the pivot to formal query translation step as it rep-
resents for us a real novelty: the interpretation of pivot
queries is performed by exploiting SPARQL engine
capabilities. Indeed, the SPARQL core feature consists
in graph mapping, which is exactly the purpose of this
interpretation step. This task is thus entirely carried
out through SPARQL queries presented in this section.
The result of each step is systematically committed
into the KB, using SPARQL updates, which makes it
available for subsequent steps.

Subsection 8.1 presents the OWL ontologies we de-
veloped to constitute a framework for the generated
triples. Subsections 8.2, 8.3 and 8.4 give details on the
first steps of the interpretation process. For the sake of
brevity and simplicity, the following steps are not pre-
sented, but Figure 13 shows all implementation steps,
each one corresponding to a SPARQL UPDATE or
ASK (for emulating loops), and these corresponding
SPARQL queries are given on the Swip presentation
web page7. Subsection 8.5 discusses the benefits and
drawbacks of this approach.

8.1. Ontologies for patterns and queries

In the rest of this paper, we express URIs with pre-
fixes without making them explicit; they are common
prefixes and must be considered with their usual value.

6http://openjena.org/ARQ/
7http://swip.univ-tlse2.fr/SwipWebClient/welcome.html
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mapSQKB :SP ×Qq×]0; 1]→M

(sp, q, σ) 7→
∏

ep∈qual(sp)

mapEQKBσ (ep, q)

×
⋃

s′p∈cont(sp)

(
∪cmin≤c≤cmax

Pc
(
mapSQKBσ (s′p, q)

))

Fig. 11. Mapping a subpattern to a pivot query.
∏

and × refer to the Cartesian product and Pk(S) is the set of k-combinations from a set S.

Rmap(mp) =

∑
(ep,eq,r,t)∈elemMap(mq)

t

|elemMap(mq)|
(1)

RQcov(mq) =
|{eq ∈ elem(q) | ∃(ep, eq, r, t) ∈ elemMap(mq)}|

|elem(q)|
(2)

RPcov(mq) =
|{ep ∈ qual(p) | ∃(ep, eq, r, t) ∈ elemMap(mq)}|

|qual(p)|
(3)

R(mq) =
(
Rmap(mq)

)αmap ·
(
RQcov(mq)

)αQcov ·
(
RPcov(mq)

)αPcov (4)

with αmap + αQcov + αPcov = 1 (5)

Fig. 12. Computation of the partial and final relevance mark of a pattern mapping

We also define new prefixes, specific to entities defined
in our ontologies: to the prefix name patterns is as-
sociated the URI http://swip.univ-tlse2.fr/ontologies/patterns,
to queries is associated the URI http://swip.univ-
tlse2.fr/ontologies/queries.

Our ontologies are built according to the principles
of normalization design pattern, introduced in [42].
This method enables the development of modular and
reusable ontologies, defining classes by the properties
their instances should fulfill. The ontology developer
does not need to care about the subsumption proper-
ties; the taxonomy can be automatically inferred by a
reasoner. For this reason we present the patterns on-
tology by first introducing the main properties then the
main classes composing it.

Figure 14 presents the object property hierarchy
of the patterns ontology; properties are characterized
by their domains and ranges. To each property corre-
sponds its inverse property.

Property patterns:makesUp is the generic re-
lation of meronymy; it is specialized by different
subproperties which are chosen according to their
range and domain, such as patterns:isSubjectOf,
patterns:isPropertyOf, patterns:isObjectOf,

patterns:isSentenceOf and patterns:

isSubsentenceOf. patterns:isSentenceOf and
patterns:isSubsentenceOf associates a descrip-
tive sentence template with a query pattern. The vo-
cabulary used to model the sentence template itself is
not tackled here. The property patterns:targets

expresses the relation between a pattern element and
the resource (class, property or datatype) of the target
ontology this element is referring to; it thus specifies
mapping possibilities.

Data properties patterns:hasCardinalityMin

and patterns:hasCardinalityMax specify cardi-
nalities of subpatterns.

Figure 15 shows the hierarchy of the patterns on-
tology main classes, as well as their meronymy rela-
tions. It is worth noticing that, from this point of view,
the ontology is not totaly faithful to the formal model
given in 6.3. For instance, a pattern triple is considered
as being a kind of subpattern, the concept of simple
subpattern is not present, and the concept of subpat-
tern collection (a subpattern which contains other sub-
patterns) appears. These slight changes where made in
order to make the SPARQL interpretation simplier.
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Pivot query

Commit pivot query to the KB
Subsection 8.2

Matching keywords
Subsection 8.3

Matching literals

Matching query el-
ements to knowl-

edge base elements

Map pattern elements according
to query element matches

Subsection 8.4

Add an empty mapping
to all pattern element

Map pattern elements

Initialize subpattern
collection mappings

Start mapping of sub-
pattern collections

Prevent redundant
element mappings

Make progress the map-
pings of currently pro-

cessed subpattern collections

Validate mappings

Are all patterns mapped?

Add an empty mapping to
contingent subpattern collections

Combine mappings of repeat-
able subpattern collections

Remove mappings of contin-
gent subpattern collections

Map supattern collections

no

Mapping patterns
to the pivot query

yes

Process the element map-
ping relevance mark

Process the query cov-
erage relevance mark

Process the pattern cov-
erage relevance mark

Process final relevance mark

Relevance mark

Formal queries ordered list

Fig. 13. Details of the pivot query formalization step.

Subpatterns are embodied by the class
patterns:Subpattern which subsumes distinct
classes patterns: PatternTriple and
patterns:SubpatternCollection.

An instance of the class patterns:

PatternTriple is a triple of the pattern graph.
A triple is characterized by its subject (patterns:
hasSubject property), its property (patterns:

hasProperty property) and its object (patterns:
hasObject property). Values of these properties are
instances of the class patterns:PatternElement.
A pattern element references a literal type (patterns:
LiteralPatternElement), a class (patterns:
ClassPatternElement) or a property (patterns:
PropertyPatternElement) of the target ontology.
For example, an instance of patterns:ClassPat
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Fig. 14. Object properties of the patterns ontology

ContingentSubpatternCollection

ClassPatternElement

Pattern

NecessarySubpatternCollection

SubpatternCollection

PatternTriple

LiteralPatternElement

PropertyPatternElement

QualifyingPatternElement

NonQualifyingPatternElement

Subpattern

PatternElement

PatternConstituent

subClassOf

makesUp

MakesUp (inherited)

Fig. 15. The main classes describing query patterns, the taxonomic relations ordering them, as well as the possible meronymy relations between
instances of these classes.
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ternElement involved in a pattern will be linked
by the relation patterns:targetKBElement to a
class of the target ontology; this class will then, in this
context, be considered as an instance. This method,
called punning, is possible in OWL2. However, its us-
age cannot be modeled at the ontology level as this
would require the usage of a part of reserved vocab-
ulary (owl:Class, owl:Property, owl:Literal).
owl:Thing is used instead of each of these forbidden
entities, which does not differentiate between the three
subclasses of patterns:Pat ternElement other
than by declaring them distinct.

The queries ontology used to represent pivot queries
and the results of the interpretation process is not de-
tailed here as it was designed on the same principles
as patterns and is much simpler. As explained in sub-
section 4.2, a pivot query is a set of subqueries, which
are 1/2/3-tuples of query elements. The classes and
properties of the queries ontology logically reflect this
structure, their names are self-explaining, and an ex-
ample of a pivot query and part of its interpretation re-
sults expressed in RDF and based on this ontology is
used in the following subsections.

8.2. Committing pivot query to the KB

The system first processes a URI which is unique
for each set of equivalent pivot queries. If this URI
already exists in the KB, this query has been pre-
viously processed and the saved results can be ex-
ploited as they are. If not, the system generates an
RDF graph representing the pivot query and com-
mits it into the KB before starting the query inter-
pretation. The RDF graph produced for the query
?"person": "produce"= "In Utero".

"In Utero": "album" (pivot query translation ob-
tained for the NL query “Who produced the album In
Utero?” issued from QALD-3 training set) and based
on the Queries ontology is shown on the left side of
Figure 16. This figure shows the initial RDF data and
also the results of the SPARQL updates which are pro-
cessed during the matching step (cf. Subsection 8.3).
RDF resources are represented in rounded nodes, liter-
als in rectangle nodes, and properties are logically ma-
terialized by labeled edges. For the sake of readability,
literal types are not shown, and resource classes are
shown only when relevant.

8.3. Matching query elements to KB resources.

The first step of the pivot query interpretation con-
sists in matching each element of the pivot query to KB

entities (classes, properties and instances) or to literal
types associating with each match a trust mark which
represents the supposed quality of the matching and its
likelihood.

Keyword matching is performed by processing a
similarity measure between pivot query keywords and
KB resources labels. To carry out this task, we use
LARQ8, an extension of SPARQL proposed by the
ARQ9 SPARQL engine, which exploits search func-
tionalities of the Lucene10 query engine. This exten-
sion introduces a new syntax, which determines both
the literals matching a given string and a value rep-
resenting the likeliness between them, called Lucene
score: the “triple” (?lit ?score)
pf:textMatch ’+text’ binds to ?lit all

literals which are similar to the text string and
to ?score the corresponding Lucene score. The
SPARQL query used to perform this task is shown in
Figure 17.

Figure 16 shows a subset of the bindings obtained
by this query execution and the generated matching in-
stances. The graph as it is before the update is shown
in dotted lines; the part of this graph that is matched
by the WHERE clause is highlighted in bold, and the
committed resources and triples are shown in full lines.
The following figures use the same presentation rules.

Note that although this step is performed using
a (nonstandard) extension of the SPARQL language
which makes it not very portable, an alternative can be
implemented using standard features such as REGEX
and CONTAINS string functions, or a simple string
comparison.

8.4. Mapping pattern elements to query elements

Before being able to map the entire patterns to the
user query, the first task consists in figuring out for
each pattern element all conceivable mappings to user
query elements – called element mappings – and their
respective trust marks.

This step consists in creating a mapping between a
query element and a pattern element when this query
element was matched to a resource which is linked
in some way to the pattern element target. We define
several cases where a link is determined between a
matched resource r and a pattern element target t:

8http://jena.apache.org/documentation/larq/
9http://jena.apache.org/documentation/query/
10http://lucene.apache.org/
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Fig. 16. The matching step on the example pivot query.

INSERT
{

? matchUr i a q u e r i e s : Matching ;
q u e r i e s : matchingHasKeyword ? keyword ;
q u e r i e s : ma tch ingHasResource ? r ;
q u e r i e s : ma tch ingHasScore ? s c o r e ;
q u e r i e s : match ingHasMatchedLabe l ? l .

? keyword q u e r i e s : keywordAlreadyMatched " t r u e " ^^ xsd : b o o l e a n .
}
WHERE
{

<[ q u e r y U r i ] > q u e r i e s : queryHasQueryElement ? keyword .
? keyword a q u e r i e s : KeywordQueryElement ;

q u e r i e s : queryElementHasValue ? keywordValue .
FILTER NOT EXISTS { ? keyword q u e r i e s : keywordAlreadyMatched " t r u e " ^^ xsd : b o o l e a n . }
( ? l ? s c o r e ) p f : t e x t M a t c h ( ? keywordValue 6 . 0 5 ) .
? r r d f s : l a b e l ? l .
BIND (UUID ( ) AS ? matchUr i )

}

Fig. 17. SPARQL update used for matching query elements.

1. r is a subclass of t (this case includes r is the

class t itself),

2. r is a subproperty of t (this case includes r is the

property t itself),

3. r is an instance of t (this case incorporates the
special case illustrated in the upcoming para-
graph on “*Type” properties),

4. r refers to the same literal type as t.

With each element mapping is associated a trust
note whose value is the same as the involved match-
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ing score. Figure 18 shows the instantiation of some
element mappings through a SPARQL update. Pat-
tern element cd_info_element5 which targets
class foaf:agent is mapped to keyword k1 (“per-
son”) which matched the same class. Pattern el-
ement cd_info_element1 which targets class
mo:Record is mapped twice to keyword k3 (“In
Utero”) which matched two instances of this same
class. Pattern element cd_info_element4 which
targets property mo:producer is mapped to key-
word k2 (“produce”) which matched the same prop-
erty.

“*Type” properties considered harmful The instan-
tiation of the element mapping elemMap5 is issued
from an extension of the first case stated above. This
extension is due to the observation of a recurrent
modelling choice made by some ontology develop-
ers, which consists in classifying instances of a class
c by defining an object property with domain c, an
(enumerated) class c′ which represents the range of
this object property and instances of c′ which are
the different ways to classify instances of c. For in-
stance, in the music ontology [34], instances of class
mo:Record can be involved as a subject in a triple
with predicate mo:releaseType and with object an
instance of class mo:ReleaseType (mo:Album,
mo:Single, mo:Live, mo:Soundtrack. . . ). It
seems to us that this choice, although it must have been
guided by some requirements, is not relevant, as it ig-
nores the classification mechanism proposed by RDFS
and OWL (i.e. typing instances using classes) to ex-
press a piece of knowledge that is indeed a classifica-
tion. We support our thesis by pointing out two fea-
tures we consider as symptomatic of this modelling
flaw and are present in our example:

– in NL, the terms relative to the instances of c′ are
used in the same way as terms relative to classes;
for instance, in the NL query (extracted from
the QALD-3 challenge) “Give me all soundtracks
composed by John Williams”, the term “sound-
tracks” has the same place and function as the
term “songs” in “Give me all songs by Aretha
Franklin.”

– the way the ontology developers themselves
named the object property betrays the true nature
of this property; indeed a property whose name
ends with “Type” will very probably be used for
typing instances and as such should be a subprop-
erty of rdf:type.

Our approach overcomes this nongeneric modelling by
explicitly identifying these cases. In Figure 18, the in-
stance wildcardReleaseType, of type
WildcardTypeProperty states that the resource
mo:album should be considered during the mapping
process as a subclass of mo:Record, which maps
cd_info_element1 to keyword k4; it also speci-
fies that the typing property (which must be used while
generating the final SPARQL query) is in this case
mo:release_type instead of rdf:type.

Instance-class element mappings A last type of ele-
ment mapping can be produced by the previously gen-
erated ones. These mappings, called instance-class el-
ement mappings, are issued from observing how users,
when expressing themselves in NL, often specify a
term referring to an instance by another term referring
to the class of this instance. Some examples from the
QALD-3 challenge are “the band Dover”, “the album
In Utero”, “the song Hardcore Kids”.

Such NL formulations are translated in the pivot
language into a two element subquery, composed of
the keyword referring to the instance qualified by the
keyword referring to the class; for instance “the al-
bum In Utero” becomes “In Utero: album”. Thus a
particular kind of element mapping is used to han-
dle this case. Such a mapping maps one pattern ele-
ment to two keywords. Figure ?? uses the same ex-
ample and illustrates the instantiation of an instance-
class element mapping. elemMap1 and elemMap4
map cd_info_element1 to respectively k3 (“In
Utero”) and k4 (“album”), and the resource matched
by k3 is an instance (taking into account the pre-
vious remark on “*Type” properties) of the resource
matched by k4; this provides a new element mapping
elemMap6 mapping the considered pattern element
to both query elements. Its score is the sum of trust
notes of the two originally involved element mappings.

see instanceClassElementMapping.pdf

8.5. Benefits and drawbacks

The architecture described above presents several
benefits. One of the most obvious is the ease of use of
a cache system. As the result of each processing step
is committed into the RDF repository, it is straight-
forward to reexploit previously generated data. For in-
stance, as explained in Subsection 8.2, the Swip sys-
tem realises that an incoming pivot query has previ-
ously been processed when its URI is already present
in the repository and the result of its interpretation can
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Fig. 18. The element mapping step on the example pivot query.

directly be returned. Also, the matching of a given key-
word is performed only once for all queries containing
this same keyword.

Moreover, with this architecture, there is a total and
natural asynchronism between client and server sides:
once the query URI is processed, it is returned to the
client which can then update results of the interpreta-
tion progressively and independantly from the server,
by directly querying the RDF repository.

This approach also ensures a total homogeneity and
consistency as input, intermediary and output data is
stored and manipulated through standard technolo-
gies. Even the configuration and tuning of the sys-
tem can be made that way; for instance, the identified
“*TypeProperties” (cf. Subsection 8.4) and some use-
ful matchings (i.e. keyword matching at the ontology
level which could not be determined by similarity mea-
sure between strings, like between keyword “husband”
and property rel:spouseOf) are directly expressed
in RDF and exploited as such during the interpreta-
tion. It is also worth noticing that, although the first
part of the approach was implemented in a more “tradi-
tional” way, using web services, this could be changed
exploiting the NLP2RDF recent initiative [43] which
aims at providing results of popular NLP tools in a
common format, called NIF (NLP Interchange For-
mat) and integrated in the semantic web framework.

Two major drawbacks mar these qualities. The first
one is the lack of control on the SPARQL queries pro-

cessing and thus on the overall system performance.
The SPARQL server is used as a blackbox and its ef-
ficiency directly impacts that of the interpretation pro-
cess. Experience showed that ARQ server is not good
with big queries (more than twenty triples in several
subqueries) and that splitting these complex queries
into an equivalent set of successive queries was much
more efficient.

Moreover, SPARQL is still a relatively young rec-
ommendation and, despite the novelties brought by
SPARQL 1.1, proposes a limited range of functions.
For instance, there are very few arithmetic functions,
and a degraded solution had to be found to process the
final relevance mark (Figure 12, line 4), which implies
the power operator.

9. Evaluation.

Experiments were carried out on the evaluation
framework proposed in task 1 of the QALD-3 chal-
lenge11. The evaluation method was defined by the
challenge organizers. It consists in calculating, for
each test query, the precision, the recall and the F-
measure of the SPARQL translation returned by the

11http://greententacle.techfak.
uni-bielefeld.de/~cunger/qald/index.php?x=
task1&q=3

http://greententacle.techfak.uni-bielefeld.de/~cunger/qald/index.php?x=task1&q=3
http://greententacle.techfak.uni-bielefeld.de/~cunger/qald/index.php?x=task1&q=3
http://greententacle.techfak.uni-bielefeld.de/~cunger/qald/index.php?x=task1&q=3
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system, compared with a handmade gold standard
query. We participated in both subtasks proposed by
the challenge organizers, one targeting the DBpedia12

KB and the other targeting an RDF export of Mu-
sicbrainz13 based on the music ontology [34]. Al-
though this task proposed user NL queries in several
languages, we took into consideration only questions
in English. The quality of the results varies with the
target KB. A detailed and critical analysis of these re-
sults is presented in [44]. This section sums up and
extends this analysis.

9.1. Results overview

The Musicbrainz test dataset was composed of 50
NL questions. We processed 33 of them. 24 were
correctly interpreted, 2 were partially answered and
the others failed. The average precision, recall and F-
measure, calculated by the challenge organizers, are
all equal to 0.51. It is difficult to evaluate these per-
formances, as no other challenge participant tackled
the Musicbrainz dataset. However, these results are
quite good when compared to those obtained by partic-
ipants on the DBpedia dataset. Indeed, among the other
participants, the squall2sparql system showed the best
performance by far, but this system does not accept
full NL sentences as an input [25], and then, the sec-
ond best F-measure is 0.36. Of course the relevance of
such a direct comparison is very questionable, as both
graph bases present significant differences and our sys-
tem obtained poor results on DBpedia, for reasons that
are explained later.

The results obtained by Swip on the DBpedia
dataset, composed of 100 test questions, are not as
good as our results on Musicbrainz. We processed 21
questions, of which 14 were successful, 2 were par-
tially answered and 5 were not correct. The precision
(0.16), the F-measure (0.16) and the recall (0.16) are
quite low.

9.2. Pattern construction and coverage

The Musicbrainz’s query patterns used for this eval-
uation were built by adapting (to fit the new ontology)
and updating (to take into account the 50 new training
queries) those created for QALD-1. We thus obtained
five query patterns which can be visualized through the

12http://dbpedia.org
13http://musicbrainz.org/

Swip user interface14. Among the set of 50 test ques-
tions, only two required query graphs which could not
be generated by one of the patterns15. This fairly high
coverage rate shows that our approach is suitable for
closed domain KB, whose data is consistent with the
schema.

For DBpedia, patterns were built “from scratch”
with the QALD training questions. Without taking into
account the “out of scope” questions, we implemented
all questions in patterns; but when the QALD test ques-
tions were submitted, we noticed that only 19% of
them were covered by the training patterns. In com-
parison, Musicbrainz patterns covered 96% of the test
questions.

The main problem for us was the “tidiness” of the
processed data. Indeed, most of the DBpedia KB is
automatically generated from information written by
thousands of contributors and not exported from a con-
sistent database like Musicbrainz. Consequently, we
had to deal with the heterogeneity and inconsistency of
the target KB that Swip was not able to overcome. For
instance, the nickname of an entity can be expressed in
the KB by four distinct properties (dbo:nickname,
dbo:nicknames, dbp:nickname and dbp:
nicknames). As another example, consider the ques-
tion “Which states of Germany are governed by the
Social Democratic Party?” Its SPARQL translation
is presented in Figure 19, the value of the property
dbp:rulingParty can be either a URI referring to
the Social Democratic Party, or an RDF plain literal.

SELECT DISTINCT ? u r i
WHERE {

? u r i r d f : t y p e yago : S ta tesOfGermany .
{ ? u r i dbp : r u l i n g P a r t y ’SPD ’@en . }
UNION

{ ? u r i dbp : r u l i n g P a r t y
r e s : S o c i a l _ D e m o c r a t i c _ P a r t y _ o f _ G e r m a n y . }

}

Fig. 19. Gold standard SPARQL translation of question 8 from DB-
pedia’s training dataset.

We can deduce that our pattern based approach is
very well suited for “clean” KB, with consistent data,
domain specific and respecting the schema it is based
on. However, in its current implementation, it is not
well suited to KBs containing many inconsistencies,
which are the most popular KB on the Web of linked
data.

14http://swip.univ-tlse2.fr/SwipWebClient/patternViewer.html
15without taking into account the “out of scope” queries whose

answer is not in the KB anyway
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9.3. Unsupported queries

As explained above, 17 queries about Musicbrainz
and 81 about DBpedia were not processed by the Swip
system. We identified some categories whose expres-
sivity exceeds that currently handled by our approach.
Most of the non-supported queries contain aggregates,
like “Which bands recorded more than 50 albums?”
For now, the only aggregate function supported by
Swip is the counting of the total number of results of
a query, as in “How many singles did the Scorpions
release?” because it is easy to spot in a NL question
and it seems to be the most recurrent in user queries.
Furthermore, Swip is not able to handle queries which
require inferences made beforehand, such as “Which
artists turned 60 on May 15, 2011?”, and queries im-
plying string comparison, such as “Give me all bands
whose name starts with Play.”

Of course, adding the support of these categories
would significantly improve our approach’s results in
the challenge, and the design of these new features is
the natural next step. Part of this improvement has al-
ready been carried out, as presented in the next subsec-
tion.

9.4. Improving our results

The analysis of our system performances allowed us
improving our results in several directions.

9.4.1. Out of scope questions
Among questions from the QALD-3 training and

test datasets, some are out of scope, which means they
cannot be answered by exploiting exclusively the tar-
get knowledge base. Our system does not directly han-
dle the detection of out of scope questions, but a low
relevance mark for all interpretations of a given query
is a strong clue for the user, whose doubt is immedi-
ately reinforced by the generated sentences which very
probably do not represent the meaning of their original
query.

During the evaluation, we did not try to answer
the out of scope questions. But for the organisers, the
correct interpretation of such a question is simply a
SPARQL query which does not return any result. Con-
sidering this, it is easy for us to validate these ques-
tions on the challenge point of view (for instance by
considering the first interpretation returned by the sys-
tem) and thus increase our score. This rise is certainly
artificial and does not change actual qualities and lim-
its of our approach, but it allows a better comparison

with other systems which have probably been adapted
to take advantage of the challenge rules.

9.4.2. Supporting more aggregates
We also augmented our implementation with some

features allowing to detect and take into account sim-
ple expressions implying aggregates in the SPARQL
translation, as questions implying aggregate functions
represent a significant proportion of the unsupported
queries presented in subsection 9.3. These features,
described in [45], basically consist in identifying tex-
tual patterns which are translated using aggregates
in the training dataset and, if applicable, the query
element which is the object of the aggregate func-
tion. These pieces of information are then added to
the pivot query whose definition was slightly updated
for the occasion. For instance, the question 29 from
the QALD Musicbrainz test dataset "Which bands
recorded more than 50 albums?" is translated into
"band": "record"= "album(50+)". The sec-
ond main step of the process, mapping patterns to the
pivot query, remains the same until the generation of
the SPARQL query itself, where aggregate functions
are added according to the information contained in
the pivot query.

9.4.3. New results
Considering these improvements, we reevaluated

our approach on the Musicbrainz dataset (using the
evaluation tool16 made available by the organisers). We
thus validated the out of scope questions, some ques-
tions implying aggregates, and question 11 whose in-
terpretation previously failed because of a typo in a
pattern. Results are considerably improved: the newly
calculated F-measure is 0.67.

10. Conclusion and future work

In this paper, we presented the approach we de-
signed to allow end users to query graph-based KBs.
This approach is implemented in the Swip system and
is mainly characterized by the use of query patterns
leading the interpretation of the user NL query and its
translation into a formal graph query.

We justified the use of query patterns and detailed
our two step interpretation process facilitating mul-
tilinguism. We also focused on our inovative imple-

16http://greententacle.techfak.
uni-bielefeld.de/~cunger/qald/index.php?x=
evaltool&q=3

http://greententacle.techfak.uni-bielefeld.de/~cunger/qald/index.php?x=evaltool&q=3
http://greententacle.techfak.uni-bielefeld.de/~cunger/qald/index.php?x=evaltool&q=3
http://greententacle.techfak.uni-bielefeld.de/~cunger/qald/index.php?x=evaltool&q=3
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mentation which exploits SPARQL capabilities and we
gave a detailed analysis of the results of our participa-
tion in the QALD challenge. These results are very en-
couraging and we planed to extend our work in several
directions:

– experimenting the ease of adaptation to different
user languages; we will participate in the Mul-
tilingual question answering task of the QALD
challenge and we are developing a partnership
with the IRSTEA (the French research institute of
science and technology for environment and agri-
culture) in order to build a real application frame-
work concerning French queries on observations
on crop development [46];

– improving the matching process and adding the
support of aggregates in order to obtain better re-
sults for the next challenge and improve the user
experience;

– defining heuristics to orient the generation of
mappings and accelerate the interpretation pro-
cess by preventing the generation of unrelevant
mappings;

– experimenting methods to automate or assist the
conception of query patterns; we first want to au-
tomatically determine the pattern structures by
analysing graph query examples, and then com-
pare the developed method(s) to an approach
based on NL query learning;

– exploring new leads for the approach to evolve
and stick more to the data itself than to the ontol-
ogy, in order to obtain better results on datasets
from the Web of linked data, such as DBpedia.
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