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In this paper, we present results of employing DBpedia and YAGO as lexical databases for

answering questions formulated in the natural language. The proposed solution has been

evaluated for answering class 1 and class 2 questions (out of 5 classes de¯ned by Moldovan for
TREC conference). Our method uses dependency trees generated from the user query. The trees

are browsed for paths leading from the root of the tree to the question subject. We call those

paths ¯bers and they represent the user intention. The question analysis consists of three stages:

query analysis, query breakdown and information retrieval. The aim of those stages is the
detection of the entities of interest and its attributes, indicating the users' domain of interest.

The user query is then converted into a SPARQL query and sent to the DBpedia and YAGO

databases. The baseline and the extended methods are presented and the quality of the solution

is evaluated and discussed.

Keywords: Question answering; NLP; YAGO; DBpedia.

1. Introduction

Research on automatic question answering systems started in the late sixties.1 Over

the years, the systems became more and more complex while often producing very

good results.2,3 Despite spectacular successes they are still far from human-like
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competences. Currently, most of the approaches are based on keywords, where the

answer is derived directly from the speci¯ed by the user keywords and can be either

an explicit answer or (usually) the set of documents containing the keywords from

the query (and potentially containing the answer). In the latter case, the results

obtained in this way are quite good; however, they require additional user veri¯ca-

tion and lookup within the documents provided. This approach is also counter-

intuitive and only works when the database actually contains the question alongside

the answer.

The situation di®ers when questions are formulated in natural language. In this

case, there are no explicitly given keywords. The queries usually are ambiguous due

to indirect subjects or lack of context. In this case, many systems rely on identifying

interrogative pronouns to detect the entity of interest. Such an approach however

does not work well for common-sense knowledge questions like \How many legs does

a dog have?".

The questions formulated in natural language vary in di±culty depending on

their complexity and ambiguity. Dan Moldovan et al.4 de¯ned ¯ve classes of question

di±culty.

(1) The ¯rst class consists of factoid questions, where the answer usually can be

directly found in the database (\When did Beethoven die?").

(2) The second class requires some knowledge about the question and the database

structure. In this case, the answer might not be syntactically close to the question

(\Who is the spouse of Grover Cleveland?").

(3) Class 3 of questions requires reasoning that is based on multiple, not always

compatible sources.

(4) Class 4 of the questions are interaction-based.

(5) Class 5 questions that require expert systems able to analogical reasoning.

In this paper, we present an approach for answering questions formulated in natural

language focused on the ¯rst two classes. The proposed method aims at answering

questions from classes 1 and 2, providing, wherever possible, answers found in two

databases: DBpedia and YAGO databases. Most of the other solutions use their own,

dedicated knowledge bases and either are complicated systems or provide a list of

potential answers for the user to choose from. The YAGO and DBpedia databases

are vast and constantly improving, so we decided to base our solution on these two

sources. The paper also aims at evaluating the solution against the well-known

TREC question database.

The structure of this paper is as follows. Section 2 describes di®erent approaches

to question answering and our previous evaluation solution that served as a baseline

for our approach. Section 3 presents the knowledge bases used in our approach.

Sections 4 and 5 present in detail our approach, and shows improvements introduced

to the algorithm. In Sec. 6, evaluation of the method is given. Finally in Sec. 7, we

discuss the results and conclude.
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2. Existing Solutions

Over the years, many interesting approaches to question answering emerged.5,6 The

¯rst systems, like PRECISE7 or BASEBALL,8 focused on providing natural lan-

guage interfaces to databases, mapped user queries to SQL queries.

Further, question answering systems were proposed on a selected open domain.

Here, the approaches were not ¯ne-tuned towards a speci¯ed domain, and needed to

give answers to general questions. Many of the solutions were prepared during the

TREC conference.9 The best of those systems could answer as many as 70% of the

questions from the TREC database,10 ranging from simple factoid questions to

complex, indirect questions. Some like LASSO,4 used deep lexical analysis of the

question, to provide the answer using an iterative process. Others, like QRISTAL11

or QALC,12 were based on semantic similarities and usually map the question into

triples/queries. These approaches di®er also in terms of complexity, from knowledge-

rich systems13 to simple systems like AskMSR.14

Another group of systems are ontology-based solutions. Such systems take queries

given in natural language and, based on the used ontology they return the answer

from one or more knowledge bases that are compatible with that ontology. Examples

of such systems represent a very broad spectrum of solutions. Some, like SQUALL,15

SPARQL2NL16 or ORAKEL17 convert the question into a SPARQL query that is

evaluated against the given knowledge base.

In recent years, one very successful project was built, bringing baseline for the

state of the art systems aiming at answering questions. IBMWatson18 was developed

as part of the DeepQA Project, which started in 2007. Its ¯rst implementation was

made using a cluster consisting of around 2500 CPUs, 15TB of RAM and, without a

connection to the Internet. The quality of the system was so good that it managed to

win the Jeopardy TV show.19 Its strength comes from multiple algorithms that

cooperate to calculate the best answer. The drawback of this solution is its com-

plexity and limited availability for the wider audience.

In our approach, we aim at providing a Wikipedia-based solution for a question

answering system. Wikipedia itself is not very formalized, but previous research

shows that it can be formalized.20,21 DBpedia22 and YAGO23-based solutions are

viable for classes 1 and 2 questions. Other researchers also follow this route. Adel

Tahri et al. proposed a Support Vector Machines-based algorithm for a DBpedia-

based question answering system.24 QASYO25 is a YAGO-based system designed to

use YAGO ontology to answer questions. Mohamed Yahya et al. combined DBpedia

and YAGO as sources to their approach and generated SPARQL queries based on

the questions asked.26

3. DBpedia and YAGO as Knowledge Bases

DBpedia and YAGO are based on the Wikipedia project. The system itself has a very

simple, and rather poor structure as it is dedicated for human readers. Such readers
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need a proper and consistent graphical interface to be able to perform information

lookup. The internal structure is of secondary concern. For automated systems the

approach has to be completely di®erent. The internal structure is what matters, the

presentation can be thus completely ignored. The DBpedia and YAGO projects aim

at extending Wikipedia functionality in this area.

The DBpedia introduced an ontology consisting of 492 classes with 53827 pre-

dicates. The ontology contains some well-de¯ned concepts like city, music album,

language, country, etc. Entries of the same type show a high level of similarity. In

some cases, however only domain-speci¯c facts are available, e.g., human beings only

provide information like name, date of birth and nationality for all of the concepts.

The drawback of the ontology is also the fact that most of the properties were derived

from infoboxes only. Those however di®er even for the same type of objects. DBpedia

also lacks in internal interlinking. It uses the same grouping mode as Wikipedia,

namely, aggregation based on Wikipedia categories.

YAGO, contrary to DBpedia, is developed by a limited number of dedicated

experts, supervised by Max Planck Institute in Saarbrcken. The project goal is to aim

for accuracy rather than the size of the gathered resources. As such YAGO is far

more formalized than DBpedia. It also uses WordNet taxonomy to enrich the con-

cept structure. The accuracy of YAGO datasets is very high, reports show that it is

reaching 95%.23

With extensions introduced by YAGO and DBpedia, the Wikipedia can be

treated as a viable source of knowledge. Even though the formalization is still lacking

and no all concepts are properly described the quality of both solutions is constantly

improving. The two sets are even connected with each other providing means of

interoperability between both solutions.

4. Using Fibers in Answer Lookup

Ontologies both YAGO and DBpedia provide SPARQL endpoints for querying

their data.a,b The aim of our work is to convert user input, namely, classes 1 and 2

questions formulated using natural language, into such queries. The approach

consists of three phases (Fig. 1).27

The ¯rst stage, the query analysis, performs its grammatical parsing. During this

stage a Stanford NLP Parser28 is used to detect the structure of the query and

convert it into an ordered tree.29 When the query is converted into a tree structure,

the expected relations in the question are denoted as a set of parallel branches of the

same subtree with distance from each other equal to one. Example of such tree for

question What is height of Ei®el Tower? is presented in Fig. 2.

The next step of this stage is concept retrieval from a parsed query sentence. This

step is crucial as in the next stages only information for these concepts will be

ahttps://linkeddata1.calcul.u-psud.fr/sparql.
bhttps://dbpedia.org/sparql.
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retrieved. To ¯nd every known concept the aforementioned tree is traversed using

Algorithm 1.

where

. flattenTree() — is building string representation of tree leaves, e®ectively

retrieving chunk of sentence built from logically connected words,

. isStopWord() — checks whether entity candidate is not one of the words com-

monly known as usual in language, which in general dont provide any value in

terms of concept retrieval,

Fig. 2. Example results of Stanford NLP Parser.

Fig. 1. Query answering process.
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. isKnownConcept() — checks whether there exists any concept in the database

which textual representation (label) is similar to the provided name; candidate

entries are retrieved and then ranked with similarity score; only concepts with high

enough score are assigned as candidates for concept under question.

In the example, the goal is to recognize both height property and Ei®el Tower entity.

At this step, the databases are queried using SPARQL with concepts detected during

the previous stage, where concepts are detected in the query ��� usually the entities

and their properties. The user query is tagged using Penn–Treebank notation and is

supplied with a list of detected entities and their properties.

The output from the ¯rst stage provides basic information on the user's query.

The second stage, the query break-down, aims at determining the entity and

properties in the query. The ¯rst step of this stage is dependency parsing. The

grammatically parsed query is broken down into basic semantically connected con-

cepts. The dependency parser logically binds the concepts and determines the rela-

tion between them creating a dependency graph. The graph is conceptually close to

grammatical sentence structure but it omits syntactical alterations not relevant to

the meaning of the query. As an example can be the questionWho is author of Game

of Thrones?. The raw output from dependency parser is as follows: cop(Who, is),

nsubj(Who, author), nmod(Game, author), case(Game, of), nmod(Game, Thrones)

and case(Thrones, of).

In the next step of this stage, the output of the dependency parser is minimized, as

only meaningful relations found by the dependency parser will be taken into further

consideration (Algorithm 2).

where

. stageOneResult — results of grammatical parsing and concept retrieval encap-

sulation in helper class, which allows their exploration,

. dependencies — raw list of dependencies retrieved from the parser,

. isQuestionRoot() — function determining whether this is ¯rst meaningful node

of question (usually Wh-word),

Listing 1. Finding every known concept in dependency tree.

6 T. Boi�nski et al.
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. isKnownConcept() — checks if given word is part of named entity recognized in

previous phase,

. tt theSameConcept() — used to determine whether detected dependency is con-

necting two parts of the same named entity.

Then the set produced by our algorithm is converted into a tree. We assume that the

question will have only one root determined during relation processing. Starting from

the root, relations are bind together to form a dependency tree. Then the dependency

tree is analyzed. We observed that dependency trees of most of the queries had one or

more paths leading from the root to named entity of interest. These paths (referenced

further as ¯bers) are candidates for the representation of actual user intention. The

goal of this step is to retrieve minimal ¯ber (marked with red color in Fig. 3).

The output of the query break-down stage, namely, the dependency parsing

combined with data retrieved in the previous step, e®ectively produces ¯nal input for

the retrieval subsystem. This data consists of ¯bers that are minimized to contain

Listing 2. Minimization of dependency parser output.

Fig. 3. The minimized dependency tree for question Who is author of Game of Thrones?.
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only meaningful data required for retrieving triples from the knowledge base. The

¯bers are ranked based on their length and number of known concepts, the one with

the shortest path leading to concepts in question is the most probable candidate for

actual user intention representation.

During the last stage, the information retrieval, the ¯bers are sorted based on

their score of relevancy and evaluated. The ¯rst answer retrieved from the database

(based on the ¯ber converted into SPARQL query) is presented to the user. The

queries are based on concepts retrieved from the databases at previous stages of

query analysis. The whole procedure is formally presented in Algorithm 3.

where

. knowledgeBase — wrapper class performing SPARQL queries on underlying

SPARQL endpoint,

. getAllPredicates() — method returning number of relations connected with

speci¯ed concept,

. findMostSimilar() — heuristic method utilizing WordNet distance and string

similarity methods to retrieve the most accurate candidate for required relation,

. resolve() — retrieves result of relation from knowledge base.

If the question is of class 2, the above process has to be performed for each detected

subquestion, like presented in Fig. 4.

Listing 3. Information retrieval.
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The approach was tested using a subset of TREC-8c questions that were of classes

1 and 2. For each question we analyzed the results based on the following criteria: is

the looked-up information available in the database, was the correct answer retrieved

(true positive), the approach presented incorrect answer (false positive). The sum-

mary of the results is presented in Table 1.

After a closer look at many of the results that were unanswered or wrongly

answered (and had correct answers within the databases), we decided to extend our

solution.

5. Extended Fiber-Based Solution

Both the original and extended solutions are looking for answers to the queries based

on paths in dependency trees representing the user's query. The original imple-

mentation, presented in Sec. 4, had several drawbacks limiting its quality. We

identi¯ed and tried to eliminate these drawbacks which allowed us to improve the

quality of the proposed methods. The solution allows one to submit queries and

retrieve answers along with a full description of the analysis process. We are not

focused on the performance of the algorithms as we use online YAGO and DBpedia

endpoints which signi¯cantly in°uence the performance.

The ¯rst problem we identi¯ed in the original solution was the method used

to match question elements to attribute names. The original method used the

Table 1. Answer correctness and performance scores.

True positives
True

negatives
False

positives
False

negatives Recall Precision Speci¯city Accuracy F-Measure

8 18 4 14 0, 36 0, 67 0, 82 0, 59 0, 47

Fig. 4. Information retrieval for class 2 question.

chttp://trec.nist.gov/data/qa/T8 QAdata/topics.qa questions.txt.
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Levenhstein30 measure which gave high similarity for words with matching parts.

Sequences like \death place" were thus matched to attributes like \deathPlace" and

\birthPlace". This resulted in additional, usually wrong answers, e.g. for question

What is death place of Mohammad Khaled Hossain? it produced six answers: Mount

Everest, Nepal, 2013-05-21, 2013-5-20, Bangladesh, Munshiganj. We decided to use

the di®lib Python moduled for the matching which allowed us to eliminate the

additional answers. After changes, the system retrieves two, proper answers: Mount

Everest, Nepal.

We also extended the algorithm for attributes matching. In the original solution

the parts of the query were matched to the label of the attributes found in the

databases used. After analysis, it occurred that the actual name of the attribute is

often almost a direct match (whereas the label can be misleading).

Further, we also included redirection in possible matches for query attributes. If

the attribute could not be matched but low-scored candidates included redirection

we followed those. This way it is possible to match entities like alternative names of

cities or countries (e.g., Ulan Bator and Ulanbaatar).

The original solution did not analyze synonyms when looking for entities or

attributes matches. In the current implementation, we use WordNet31 as a backend

for the nltk Python modulee32 for extending the list of attributes checked. For ex-

ample the original program could not answer the question Who is the partner of

Donald Trump? as the databases do not have the attribute partner to identify the

proper entity. The database contains however an attribute spouse. Using synonyms

we can modify the question into Who is a spouse of Donald Trump? and thus get the

correct answer. We also use the same mechanism when an attribute or its synonym

cannot be found in the databases. In this case, we use the nltk module to ¯nd the

closest words for missing attributes and use them to generate the answer. An ex-

ample of a question requiring such actions is What is decease place of Chopin? as

neither decease place nor its synonyms could be found in the databases for the entity

Chopin. This way, we are able to generate alternative questions that should have the

same answer, and in this way reach the answer.

Attributes name matching sometimes gave misleading results, e.g., in the question

Where is birth place of Jimi Hendrix? attribute birth place, due to di®erent similarity

measures used,33 was mapped to attributes birthPlace and birthDate. To bypass the

limitation of similarity measures in our approach, we try to detect interrogative

pronouns within the question and their domain. For answer generation, we analyze

only those matched attributes that share the same domain as detected from the

interrogative pronoun of the question. This increased the quality of the answers but

introduced another problem. In some cases, the attribute is not within the same

domain as the interrogative pronoun but the answer is, e.g., in the question Who is a

successor of George Washington? the attribute successor is not the attribute of a

dhttps://docs.python.org/2/library/di®lib.html.
ehttps://www.nltk.org/.
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person. However, the answer to the question, like John Adams, is. Thus, after ¯nding

a potential answer the domain test must be performed to check whether the answer is

from the same domain regardless of the attribute that led to the answer.

The same nltk module also allowed us to ask questions where entities' attributes

are represented as actions, e.g., When died Jim Morrison?. Based on the verbs in the

question we generate nouns, which are in turn the most often used as attributes

names within DBpedia and YAGO. In this case, there is no Jim Morrison entity

attribute called died. There is, however, a proper answer stored under deathDate,

which, combined with the domain deduction described earlier is derived from noun

death, which in turn was generated using the nltk module from the verb died. So the

answer was 1971-07-03.

The biggest problem occurred for entities with multiple meanings. Many words or

names in natural language can have more than one meaning, e.g., entityWashingtonf

which can have a high number of pages related to. Such entities are usually repre-

sented using disambiguation entities that have references to di®erent meanings of the

entity in question. We look through those referenced entities for a potential answer

and then match the domain of the referenced entity, the attribute and the inter-

rogative pronoun to present the best answer. This mechanism still needs further work

as it generates additional, mostly wrong, answers. The list of alternative meanings

can also be long.

6. Evaluation of the Extended Solution

We evaluated the extended solution using the aforementioned TREC-8 questions that

belonged to classes 1 and 2. Out of the 40 questions, 32 had answers in the DBpedia

and YAGO databases, the remaining 8 did not. For all non-answerable questions the

algorithm did not give any answers. Out of 32 answerable questions the algorithm

answered correctly 20 questions. In 2 cases, we got wrong answers and the remaining

10 questions were left unanswered. In 7 cases, the algorithm gave additional, wrong

answers. Those additional answers are the reason why the sum of true/false positives/

negatives is higher than the number of questions used for the evaluation.

The results of correctness and achieved performance evaluated using precision,

recall and F-measure are presented in Tables 2 and 3, respectively.

The updated algorithm achieved much higher recall (0.625 vs. 0.36 in our eval-

uation implementation) while keeping precision at the same level (0.69 vs. 0.67). The

¯nal F-measure increased from 0.47 to 0.66.

Table 2. Answer correctness.

True positives True negatives False positives False negatives

20 8 9 12

fhttps://en.wikipedia.org/wiki/Washington.
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As can be seen in Table 4, there are still issues with some types of questions. In

some cases, the attributes detected within the query were matched incorrectly to

entity attributes in the databases. In some cases, this leads to retrieving completely

wrong answers. It can be observed, e.g., in question Who is a leading actor in \The

Godfather"? where the attribute leading actor was marked as a synonym to direct

actor and as a result matched to the attribute director. In other cases, the wrong

match generated additional answers, like in question What is the location of Taj

Mahal? where word location had borderline similarity value of 80% with attribute

caption. The same error can be observed in the question What is the population of

Tucson?. In this case, the word population was incorrectly matched to attributes

Table 3. Performance scores.

Precision Recall F-Measure

0.69 0.625 0.66

Table 4. Examples of questions with wrong answers.

Question

Answer

in
database

Correct

answer
returned

Wrong

answer
returned Comment

What is location of US Decla-

ration of Independence?

yes no yes \position" from \location" and

\position" property holds a value for

picture (\right")
Who is leading actor in \The

Godfather"?

yes no yes \direct actor" reasoned as synonym to

\leading actor", then associated with

property \director"

What is date of Battle of the
Somme?

yes yes yes wrong answers got from property
\seeAlso" (\see" was obtained as a

synonym to word \date")

What is location of Taj Mahal? yes yes yes wrong answers got from property
\caption" (which has 80% of simi-

larity with word \location")

What is population of Tucson? yes yes yes wrong answers from properties

\populationAsOf",
\populationMetro",

\populationUrban",

\populationBlank", \populationEst"

(too similar to \population")
What is population of Ulan

Bator?

yes yes yes wrong answer from property

\populationAsOf" (too similar to

\population")
What is population of Ushuaia? yes yes yes wrong answers from property

\populationAsOf" (too similar to

\population")

What is produced by Peugeot? yes yes yes returned also answer \1739000" from
property \production"

Where was Washington born? yes yes yes problems with disambiguation

12 T. Boi�nski et al.
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populationAsOf, populationMetro, populationUrban, populationBlank and popula-

tionEst. Such results were observed in almost all questions with additional, usually

wrong, answers. In almost all cases however, the algorithm was able to give the

correct answer alongside the wrong ones. This proves that the query analysis and

entity detection process is correct. In further works, we will focus on algorithms for

better attribute matching.

In one case (Who is Voyager manager?) the question is formulated in a way that,

even for humans, it is hard to determine the correct answer without additional

context information. We might assume the question asks for the manager of the

Voyager space program, however, the algorithm decided to match the ambiguous

name Voyager to a TV show Earth Star Voyagerg and gave as the answer the name of

the show director (which from a technical point of view can be treated as correct). In

this case, the algorithm should be able to generate more potential answers from

di®erent domains. The system could present those answers and ask the user the

question that would allow establishing the entity domain. We test our algorithm for

narrowing the domain using interaction with the user34 and if the future we plan to

adapt it to our system.

7. Conclusions

The proposed solution allows, in most cases, answering the questions formulated in

natural language and is not domain-speci¯c. The strength of the proposed idea lies

also in the usage of widely available tools and databases. In most cases, such a system

is also able to give a direct answer to the question asked (e.g., the date of an event in

question). With certain improvements, mainly in matching and disambiguation

algorithms, the system might be able to answer questions belonging to class 3 type of

questions (answering based on multiple sources). The proposed query analysis

method may also be used to extract semantic data from text.

The advantage of the system is its speed and small hardware requirements. The

system can be run on a standard PC and does not require any other special resources.

Many other solutions (especially IBM Watson) requires dedicated and powerful

hardware.

Most of the problems found with the method are related to insu±cient quality of

attributes matching. Such cases were observed during analysis of results given for

almost all questions with additional, usually wrong, answers. The algorithm how-

ever, in most cases, was able to give the correct answer alongside the wrong ones.

This proves that the query analysis and entity detection process is correct.

Most of the wrong answers can also be eliminated by formalization and harmo-

nization of attributes used to describe concepts within the same and di®erent

domains in the databases itself. The DBpedia and YAGO databases still use very

shallow and not well interlinked internal ontologies. Data linking occurs on di®erent

ghttps://en.wikipedia.org/wiki/Earth Star Voyager.
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levels and is very domain-dependent. Constant development and formalization of the

databases used can thus have a positive impact on the results obtained by the

algorithm, and in time should have a positive impact on the quality of the proposed

method.

The problems described above involves a di±cult problem which is natural lan-

guage disambiguation. Further improvements of the proposed solution should be

thus focused on improving the matching algorithm and the ability to better under-

stand the context and domain of the questions asked. We believe, that after further

improvements, the proposed method can be used as a base for a system capable to

answer questions formulated in natural language.
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