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Abstract Question Answering (QA) systems aim at supplying precise answers
to questions, posed by users in a natural language form. They are used in a wide
range of application areas, from bio-medicine to tourism. Their underlying knowl-
edge source can be structured data (e.g. RDF graphs and SQL databases), un-
structured data in the form of plain text (e.g. textual excerpts from Wikipedia),
or combinations of the above. In this paper we survey the recent work that has
been done in the area of stateless QA systems with emphasis on methods that
have been applied in RDF and Linked Data, documents, and mixtures of these.
We identify the main challenges, we categorize the existing approaches according
to various aspects, we review 21 recent systems, and 23 evaluation and training
datasets that are most commonly used in the literature categorized according to
the type of the domain, the underlying knowledge source, the provided tasks, and
the associated evaluation metrics.

Keywords Question Answering · Dialogue Systems · RDF and Linked Data ·
Evaluation Collections

1 Introduction

Question Answering (QA) Systems can be considered as an extension of Search
Engines in the sense, that they aim at automatically supplying users with pre-
cise answers to questions posed in natural language, instead of simply returning a
ranked list of relevant sources based on a set of keywords. The history of QA sys-
tems starts from 1961 with the system Baseball [39], it includes the famous system
LUNAR [101] published in 1973, while a relatively recent (2010) and noteworthy
system is IBM Watson [35]. Other commercial products in the area of personal as-
sistants include Apple’s Siri (in 2011), Amazon’s Alexa (in 2014) and Microsoft’s
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Cortana (in 2014). Nowadays QA systems are used in a wide range of applica-
tion areas, such as in Bio-medicine, where doctors and nurses ask the QA system
about medical care or diagnosis (e.g. IBM Watson [35]), as well as in Tourism,
where users ask questions about geographical entities and related information e.g.
cities, locations etc. (e.g. LILOG [44], LD-SDS [71]).

The architecture of QA Systems highly depends on the type of the underlying
knowledge sources. On the one hand, if the goal is to extract the answer from
plain text, a common approach is to use traditional Information Retrieval tech-
niques combined with Machine Comprehension (MC) methods, for the tasks of
Passage Retrieval and Answer Processing respectively. On the other hand, if data
is represented as a graph, e.g. using the Resource Description Framework1 (RDF),
methods relying on Graph Processing and SPARQL Query Generation are adopted
in order to extract the desired information. Finally, if none of the above is effective,
or when both kinds of sources are available (unstructured and structured), then
mixed, or hybrid, methods are adopted, for creating the final answer.

Although there are various surveys of the area (described in §2), the current
survey aims to complete the picture. Apart from covering more recent systems,
up to 2018, this survey contains a detailed list of available training/evaluation
datasets for QA, an aspect that is not covered by the past surveys. We believe
that the list of evaluation datasets provided in this survey can be a valuable guide
to researchers for choosing the datasets that best suit their needs and hypotheses.
We have to note that this survey does not focus on datasets built for dialogue
systems, since this part has already been covered in [89], which presents a list
of the available datasets for data-driven dialogue systems. Another distinctive
characteristic of the current survey is that it discusses how different types of QAs
and information sources can be combined to a unified pipeline, in order to help
researchers to find combinatorial ways that can be more effective.

The rest of the paper is organized as follows: Section 2 synopsizes the current
uses of QA systems, and discusses the current main challenges of QA. Section 3
introduces the main aspects for structuring the landscape of QA. Section 4 analyzes
the processes of QA systems based on the type of the underlying knowledge source.
Section 5 focuses on the categorization of the existing systems based on their type
and the aspects presented in the previous section, and reports some quantitative
observations. Section 6 discusses evaluation metrics and provides a comprehensive
list of evaluation datasets. Section 7 discusses trends and sketches directions for
further research. Finally, Section 8 summarizes and concludes.

2 Context, Past Surveys and Challenges

Application Areas. After the extensive research of the past years on QA sys-
tems, they have achieved to be applicable in many areas such as Medical [24,1],
Culture [54], Web Communities [15], Tourism [74], and others. An indicative ex-
ample of a successful QA system, is IBM Watson [35] which is not restricted to a
certain domain but instead aims at capturing a wide range of questions. At first, it
was designed to answer natural logic questions as in the TV game show Jeopardy;
the question-answering challenge represented by Jeopardy and the details of the

1 https://www.w3.org/TR/rdf-concepts/
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technical approach of IBM Watson are described in the special issue [37]. Watson
competed in Jeopardy against former winners of the show, and won [36]. However
even Watson which is considered to be one of the most successful QA systems,
still suffers from weaknesses and ambiguities (evidenced by the wrong answers it
provided). The last years we observe a wide adoption of QA-based personal as-
sistants including Apple’s Siri, Amazon’s Alexa, Microsoft’s Cortana, Samsung’s
Bixby, and Google Assistant, that are capable of answering a wide range of ques-
tions. Furthermore, applications of QA in call centres and IoT applications are
rapidly increasing [99,69].

Past Surveys. Here we describe past surveys (listed in chronological order) and
the focus of each one of them.

Wang in 2006 [97] presented a comparison of the techniques used (at that
time) for the task of information extraction on factoid questions. The comparison
aspects included: (1) the information sources used, (2) the representation and the
information extraction process and (3) the way of combining multiple data sources.

Allam et al [4] in 2012 surveyed the architectures of QA systems, and com-
pared various approaches, their main contributions, experimental results, and lim-
itations. Published in the same year, Gupta et al [40] surveyed the QA system
types and presented a general pipeline for each one of them (that included steps
like question classification and information retrieval) and made some suggestions
regarding the architecture of QA systems.

Sasikumar & Sindhu [86] in 2014 surveyed the methods applied in the Natural
Language Question Answering (NLQA) field for general languages. It categorized
QA systems to (1) linguistic, (2) statistical and (3) pattern matching, and pre-
sented, different types of QAs, such as Web-based, IR/IE based and Rule-based.

Höffner et al [47] in 2015 surveyed the challenges of the QA area based on
semantic data. It described and analyzed 62 systems, published between 2010 and
2015, and discussed the common challenges for this particular research area and
provided some recommendations for future systems.

Mishra et al [62] in 2016 focused on the classification of QA systems based on
a set of aspects of the underlying pipeline: (1) application domain (i.e. open or
closed), (2) types of questions (e.g. factoid, list, etc.), (3) types of data sources
(i.e. structured, semi-structured, unstructured).

The survey Rodrigo & Peñas [85] in 2017 focused on evaluation of QAs over
free text and it analyzed a set of QA collections in order to obtain better insights
as regards the current challenges and future directions. Based on this analysis, it
recommended some guidelines regarding evaluation. Published in the same year,
B. Patra [75] surveyed the area of Community QA with focus on: (1) question se-
mantic matching, (2) answer ranking, and (3) answer retrieval, which are common
tasks of a general QA pipeline.

Challenges. Based on the analysis of the past surveys, and the current state-of-
the art, we have identified the following main difficulties/challenges for effective
QA.

Ambiguity: The problem of word sense ambiguity can be spotted both to struc-
tured and unstructured data. As regards the unstructured data, a word in a
sentence may have a specific meaning, while the same word in another sentence
may have a different sense (polysemy). The task of resolving such issues is called
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Word Sense Disambiguation (WSD). Moreover there are entities that have mul-
tiple names (e.g. Apple, Apple Co., Macintosh). A user question can describe an
entity, using one of its labels (e.g. Apple), while the underlying source(s) may use
a different one (e.g. Macintosh), resulting to mismatches. Indexes that collect all
equivalent names (like [67]) from hundreds of KBs can be useful for this task.
Apart from synonyms, we have the problem of homonyms, i.e. there are different
entities that share the same name (e.g. Washington may refer either to the capi-
tal state or to the first President of the U.S.A.). In general, the task of resolving
such problems is called Named Entity Disambiguation (NED) and ambiguity is
still spotted as a challenge of the QA field, including linked data [47], and various
directions for better tackling this problem are under investigation including meth-
ods that attempt to disambiguate entities and relation jointly [31], as well as the
creation of resources for better managing slang words and neologisms [26].

Distributed Knowledge: It is unrealistic to assume that the available knowledge
is stored in a single collection or dataset. Moreover, each different organization
or user, represents and stores their data in different places and with different
ways (different conceptualizations, models and formats). Therefore, approaches
that can exploit the available data across different datasets, are of cornerstone
importance for QA systems. There are two main challenges related to this topic.
First, the different representations of the data used makes the task of aggregation,
interlinking and integration very difficult (e.g. see [66] for a recent survey). Second,
the selection of the appropriate dataset to exploit, between the wide range of the
available sources, is not a trivial task, and dataset search is an open problem [18].

Complex Questions: User questions are not always simple (i.e. require the ex-
traction of a single fact to be answered), such as “When did Einstein died?”. There
are many cases where the question, requires complex approaches for finding the
associated answer. For example, consider the question “What is the prevailing
opinion of the reviewers about the quality of the food, at restaurant X in Paris?”.
An answer here is not trivial, since different reviewers may express different opin-
ions. Furthermore, it is not trivial how to capture the opinion of a person for a
specific subject, since it is not easy to figure out when a person talks with a “good”
or a “bad” manner about that specific subject. Current state-of-the-art QAs are
unable to solve such complex problems in the general case. Complex Questions
were recognized as challenge of the QA field over linked data in [47] and over free
text in [85].

Multilinguality: Users wish to express their questions in their native language
however this task is very challenging due to the large number of existing languages
as well as the differences in their structure and idioms. Different languages may
require to be studied separately and apply different techniques based on their
characteristics. Moreover, the datasets that can be used for training depend on
the natural language (there are plenty of datasets for some natural languages, and
very few for others). Multilinguality is recognized as a challenge of the QA field
also for the case where the underlying knowledge has the form of linked data in
[47].
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3 Aspects of the Landscape and Types of Systems

In this section we introduce a number of aspects for structuring the landscape
of QA systems. Specifically, in §3.1 we identify cases based on the domain of the
systems, in §3.2 we elaborate on question types, while in §3.3 we identify types of
knowledge sources. Finally, in §3.4, we distinguish three categories of QA-oriented
systems: Traditional QA Systems (QA), Dialogue Systems (DS), and Spoken Di-
alogue Systems (SDS). Figure 1 illustrates the above aspects, providing a kind of
conceptual map.

Domain
Open Closed

Wikipedia,  Web of Documents,
Dbpedia, Freebase, LOD Cloud Hotels

Medical

Movies

Museums

Types of Questions

Comparative: Is “X” bigger 
than “Y”?

Opinionated: What is the 
opinion of “X” about “Y”?

Factoid: When/Who/Where

Confirmation: yes/no

Causal: How/why/what

Definition: What is “X”?

Procedural: How to make “X”?

With Examples: What is most 
similar to “X”?

Type of Data sources

Structured Unstructured

RDF Graphs, SQL Databases, XML data Plain text, e.g. Wikipedia

Types of Systems

Question Answering (QA) Spoken Dialogue (SDS)Dialogue (DS)

Fig. 1 Aspects of the Landscape: (1) Domain of Knowledge (2) Type of Question (3)
Type of Knowledge Source (4) Type of System

3.1 Domain of Knowledge

Open vs Closed Domain: Closed-domain QA applications are systems which focus
on answering questions under a specific domain such as Medical and Culture [24,
54]. Instead the term Open-domain refers to systems whose purpose is to answer
questions about “anything” [35,100,22]. The techniques used for the implemen-
tation of these two types of systems differ in many aspects [63]: At first, the size
of the available data should be considered, that is, large amounts of underly-
ing knowledge for Open-domain QAs while smaller in size knowledge sources for
Closed-domain QAs. The size is critical, since the relative smaller size of close
domain (in comparison to the open domain) makes it feasible to apply complex
techniques e.g. deep NLP to the available resources, while in the Open-domain
case we are unable to apply such techniques due to the large volumes of data.
Second, the context of our available knowledge, plays an important role due to
the possible senses of specific words or phrases. In a Closed-domain application,
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the WSD is much easier, since we can restrict to the possible senses of a specific
word in a small (domain-specific) subset instead of considering all of them. Finally,
attention should be paid to the kind of resources that could be used in each case.
In the Closed-domain case, it is wise to rely on domain-specific resources, that
capture the domain focused vocabulary as well as the terminology of the words
it consists of, whereas Open-domain applications usually exploit general lexical
resources and domain independent ontologies, such as WordNet [61] and DBPedia
(respectively), which try to capture all possible word senses and their associations
with other words. In the case of Closed-domain, it is usually harmful to use general
ontological resources, since, as it is stated by [63], they are, in many cases, too
coarse-grained for specific domains, whereas there are other cases where they are
too fine-grained.

3.2 Question Type

Questions can be categorized to various categories according to their complexity,
response type, the techniques that should be used for answering them, and so
on. Among the various possible categorizations, below we select the categorization
mentioned in [62]:

1. Factoid (when/who/where): questions that essentially require a single fact
or a small piece of text to be returned as answer.
– e.g. “When did the WWI begin?”

2. Confirmation (yes/no): questions that require a yes/no answer.
– e.g. “Is Athens the capital of Greece?”

3. Definition: questions that require answers that are definitions of terms.
– e.g. “What is the Resource Description Framework?”

4. Causal (how/why/what): questions that require that the answer should be
one or more consequences of a fact.
– e.g. “What are the consequences of Iraq War?”

5. Procedural: questions that require a set of actions needed for accomplishing
something.
– e.g. “Which are the steps to get a master degree?”

6. Comparative: questions that require as an answer, a set of differences between
two or more subjects.
– e.g. “Which are the differences between SSD and HDD?”

7. With Examples: questions that target to find examples that best describe
the reference point of the question.
– e.g. “Which are the most similar disks to hard disk X?”

8. Opinionated: questions that require to find the opinion of someone about a
subject or a fact.
– e.g. “Which is the opinion of the Americans about the Iraq war?”

3.3 Knowledge Source Type

QAs can be classified based on the type of data source that they exploit in order to
extract information. In this survey we focus on three distinct types: (1) Documents,
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(2) Data and (3) Hybrid (data and documents). The approaches used in each case
for the analysis of the information, differ a lot. For example in the Data case, it is
not always required to apply complex NLP techniques, since the explicit structure
of the data is more convenient for capturing the semantic specifications of the
information stored (e.g. Albert Einstein is a Person). In contrast, the Documents
case, requires NLP and NLU (Natural Language Understanding) techniques e.g.
POS (Part-of-Speech) tagging, NER (Named Entity Recognition), co-reference
resolution etc., in order to extract such kind of information. As regards the Hybrid
knowledge representation, it requires employing techniques from both structured
and unstructured data, as well as methods for combining them in order to produce
the final answer. Note that in Figure 1, XML and RDF are considered as formats
for representing structured data (not structured documents).

3.4 Types of Systems

Question Answering Systems. QA is a multidisciplinary topic that adopts
methods and techniques coming from Information Retrieval (IR), Natural Lan-
guage Processing (NLP), Information Extraction (IE) and more recently, other
fields such as Artificial Intelligence (AI), Machine Learning (ML) and Linked Data
(LD). Such systems are unable to interact with the user in a multi-step procedure.
However, there is an extension of QA called Interactive Question Answering (IQA)
which tackles this limitation. It is considered to be an intersection of QA and DS
(Dialogue Systems), which enables seeking for the answer of a specified question
instead of simply receiving the answer. As stated in [49], it employs dialogue for
clarification of missing or ambiguous information.
Dialogue Systems. A Dialogue System (DS) is a computer system designed to
converse with a human. We can distinguish such systems to chatbots which are
used mainly for fun (starting from the 1966 system ELIZA 1966) and dialogue
agents which are goal/task oriented. In general, the input and output informa-
tion is analyzed by the dialogue manager, that keeps the history and state of the
dialogue as well as, manages the general flow of the conversation. Current state-
of-the-art DSs, are mostly developed to answer questions in order to resolve a
specific task, and these DSs are called “task-oriented” [41]. They are restricted
to a specific domain and the associated information, and due to this restriction,
they use a specific and limited grammar, that is able to describe the context of
the underlying data, including paraphrases, possible abbreviations etc. in order to
resolve Natural Language Expression ambiguities. If we apply such architecture, to
a different domain, a necessary step would be the adaptation of the new grammar,
suitable for the target domain, from scratch. To tackle this limitation, current re-
search focuses on automatic methods for learning an appropriate grammar for a
given KB/domain [57]. However, resolving ambiguities of human utterances (dis-
ambiguation) automatically, is a very challenging task, since the phrases used for
expressing their thoughts and preferences are reality-bound i.e. what they actu-
ally mean, strictly depends on the context of the discussion. Moreover, it has been
observed from past works [80] that in order to achieve high precision, limitations
on language coverage is required and thus system “habitability” (how system sup-
ports the language that users use to interact with) [70] reduces. Hence, to improve
the performance of the disambiguation stage, when trying to learn a new grammar,
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without harming the “habitability”, many researchers turned into semi-automatic
methods [64]. Such kind of methods, require human effort, in order to make the
mappings of the utterance phrases and words to the underlying knowledge. How-
ever, this human computer interaction should not assume familiarity of the users
with the KB structure and NLP. To succeed that, the system should automati-
cally resolve disambiguation and ask for human clarification only when it is unsure.
In this way, we succeed to maintain both “habitability” and high precision, and
additionally to unburden the user.
Spoken Dialogue Systems. A Spoken Dialogue System (SDS) is a computer
system that takes as input, and provides as output, voice, in order to converse with
a human. It has two essential components that do not exist in a simple text DS:
a speech recognizer and a text-to-speech module. It can be further distinguished
from command and control speech systems that can respond to requests but do not
attempt to maintain continuity over time. In such systems, the user interacts with
the system through speech, making the interaction procedure free of constraints
and limitations as regards the expressiveness. The last years, such systems find
increasing applications in a wide range of application domains e.g. in personal
assistants [88] or in the context of faceted search as in [29].

4 Processes for Question Answering

In this section we present the key processes for analyzing a question (in §4.1), a
task that is needed independently of the underlying knowledge source, and then
we refine according to the type of the underlying knowledge source, specifically
we describe QA processes over a set of documents (in §4.2), a structured KB (in
§4.3) or both (§4.4).

4.1 Processes for Question Analysis

Question Analysis is major step in a QA pipeline. It aims at analyzing the input
utterance, in order to improve the informative quality of the question and to reduce
the search space of the corresponding answer. In this task, challenges arise due to
the small size of the user’s utterance, missing information, as well as ambiguous
information. There is a wide range of analysis types that could be applied, as
shown in Figure 2 (also aligned with [62]), each described in brief below.

– Morphological analysis aims at separating words into individual units called
morphemes, which are the smallest grammatical units in a language, e.g. the
word “Untouchable” comprises three morphemes: “un-”, which is a bound mor-
pheme signifying “not”, “-touch-”, which is the root and it can stand alone,
and “-able”, a free morpheme signifying that something “can be done”, in our
example it refers to “-touch-”. This task is achieved by lemmatizing and stem-
ming the input words. Morphological analysis can increase the recall of the
system, however, it can also harm the precision, due to the stemming, which
may change the semantic meaning of a word (e.g. starring→ star). Such prob-
lems arise, when we deal with polysemus words like “star” which, based on
WordNet, has eight senses as a noun, three as a verb and one as an adjective.
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Question Analysis

Morphological
� Split sentence into words
� Separate words into morphemes
� Apply stemming and lemmatization

Syntactic
� Identify the grammatical construction of words
� Parse tree creation

Semantic
� Identification and labeling of arguments in the text 
� Named Entity Recognition
� Named Entity Disambiguation

Pragmatic and Discourse

� Anaphora resolution
� Identification of relations between words

Expected Answer Type
� Reveal the entity type that represents the answer
� Not applicable on “How” or “Why” question

Focus Recognition
� Target extraction
� Pattern extraction
� Parsing

Fig. 2 Types of Question Analysis

– Syntactical analysis is the task of recognizing a sentence and assigning a
syntactic structure to it. It consists of the creation of parse trees and conse-
quently the identification of the grammatical construction of words (e.g. noun,
verb, adjective or adverb). It is commonly used to define syntactic-based sim-
ilarity measures and transform the input query into a declarative sentence.
As a consequence, the candidate statement (sentence or triple) selection step
becomes more accurate.

– Semantic analysis aims at identifying and labeling the arguments in the
text. The arguments for a given verb consists of all the constituents in the
parse tree that do not contain that predicate; commonly the arguments of a
predicate are contained within the minimal clause that contains the predicate
(e.g. see [2]). Semantic analysis is achieved by analyzing the parse tree or by
applying statistical and Machine Learning classification techniques. It can be
very useful, especially in hybrid systems, in order to align the textual part of
the information with the ontology of the structured part. As mentioned in [62],
Semantic analysis is currently investigated only in lexical or sentence level, but
not on document level.

– Pragmatic and Discourse analysis is an NLU process which targets on re-
vealing the relations between sentences. It includes Anaphora Resolution which
aims at replacing words like pronouns (which have no semantic context) with
proper nouns in the text (e.g. in “This t-shirt looks nice, I will buy it.” we need
to identify that “it” refers to “t-shirt” and then replace it). As concerns the
Discourse analysis, the goal is to capture the kind of relation between two or
more sentences, i.e. elaboration, explanation or contrast. This type of analysis
helps at answering complex questions like opinionated, causal, hypothetical or
confirmation.

– Expected Answer Type Analysis aims at identifying the answer type,
which reveals the entity type we are searching (e.g. Person, Thing). This analy-
sis, strictly depends on the question types that a system aims to answer, since
some types, e.g. why or how, do not have a specific answer type. As stated in
[52], in order to identify the question answer type, two kinds of features should
be extracted: syntactic and semantic. The first refers to POS tags, chunks
(non-overlapping phrases in a sentence [3]) and head chunks (e.g. the first
noun chunk and the first verb chunk after the question word in a sentence).
As regards the semantic features, they usually include: (i) Named Entities,
(ii) Word Senses (e.g. from WordNet [61]), (iii) Class-Specific Related Words
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(i.e. a set of words that frequently occur in the specific answer type) and (iv)
Distributional Similarity Based Categories (i.e. distributions that capture the
likelihood of words occurring in identical syntactic structures in sentences).

– Focus Recognition aims at identifying the question topic i.e. the user’s in-
terests, as well as the question focus which represents the information need of
the user, i.e. the certain aspects or descriptive features of the question topic.
It can be applied both on question analysis and text analysis if the underlying
knowledge source is a set of documents, but only on question analysis step, if
the knowledge is represented as a structured graph. It consists of the identifi-
cation of (a) the head of the focus, (b) a list of modifiers [34]. The head of the
focus, is a noun, while the list of modifiers is determined by the noun phrase
in which the head is enclosed. For example, in the sentence “Who was the first
man on the moon?”, the focus is “first man on the moon”, having as head the
noun “man” followed by the modifiers “first”, “moon”.

4.2 Processes for QA over Documents

The general pipeline of a QA System over Documents is illustrated in Figure
3(left). It can include several tasks, here we organize them into three modules: 1)
Question Analysis, 2) Passage Retrieval and 3) Answer Processing. Each of these
is briefly discussed below.

Document
Corpus

(1) Question Analysis
� Answer Type Classification
� Answer Type Recognition
� Relation Extraction
� Focus Recognition
� Reformulation/Expansion

(2) Passage Retrieval
� Cand. Document Retrieval
� Cand. Passage Extraction
� Cand. Passage Ranking

(3) Answer Processing
� Cand. Answer Extraction
� Cand. Answer Ranking
� Answer Generation
� Answer Validation

Output
Answer

Input
Question

QA Process over Documents

(1) Question Analysis
� Part-of-Speech Tagging
� Word-chunking
� Focus recognition
� Semantic labeling

(2) Data Matching
� Calculate similarity between analyzed 

question and Entity-lexicon and/or 
class hierarchy

� Collect candidate matched triples 
based on the above similarity score

(3) Scoring and Joint Inference
� Score candidate combinations of 

triples
� Exploit connectivity constraints and/or 

other scoring functions
� Select the optimal set

Input
Question

Offline procedure

(4) Query Construction
� Construct the SPARQL query that 

retrieves the answer.
� Query the KB and retrieve the answer.

(5) Answer Presentation
� Present the answer in a human 

readable format (e.g. transform URIs 
to text labels)

Output
Answer

QA Process over Data

Knowledge
Base

IR
Index

0. IR Indexing

KB
Index

0. Data pre-processing
� KB index generation
� Index Entity-Lexicons
� Index Class Hierarchies

Fig. 3 Left: QA pipeline over Unstructured Data. Right: QA pipeline over Structured Data.

1. Question Processing/Analysis module: Common tasks here include:



A Survey on Question Answering Systems over Linked Data and Documents 11

– Question Type Classification aims at identifying/classifying the question type
(e.g. factoid, list, etc.) for applying the most suitable techniques and exploiting
the expected form of the answer. Approaches here include: hand-written rules
based on regular expressions, for identifying a usually pre-defined hierarchy of
question types, as well as ML classifiers, or combination of the above.

– Question Focus Recognition aims at recognizing the question topic as well as
the question focus. For example, Watson [51] uses Prolog with a set of rules to
achieve this task.

– Expected Answer Type (EAT) aims at identifying the expected Named Entity
type of the answer (e.g. Person, Location) appropriate for generating answers
mainly for factoid and list type questions. Several approaches have been pro-
posed including: 1) hand-written rules, e.g. regular expression-based, as well
as, approaches with rules using question headword, 2) ML classifiers, and 3)
hybrid, i.e. combination of the above.

– Relation extraction aims at detecting relations between Named Entities in the
input question. Such relations are extracted using NLP tools, such as Stanford
CoreNLP Toolkit [56] and DBpediaSpotlight [58].

– Question Reformulation and/or Question Expansion focuses on enhancing ques-
tion phrasing and on transforming it into a semantically equivalent one, con-
sisting of additional or more descriptive information in order to improve the
accuracy and recall of the overall system. Here resources, such as lexicons (e.g.
WordNet) are exploited in order to retrieve information, like sets of synonyms
for particular words, as well as POS Taggers, NE Taggers etc. Other approaches
use hand-written reformulation rules like those presented in [53].

2. Passage Retrieval module: After the analysis of the input question and
the extraction of the clues, as regards the user interests, search in the underlying
knowledge source is performed for finding relevant information. Common tasks
here include:

– Document Retrieval aims at searching in the available information space for
returning a ranked small subset of the most relevant documents. Typically,
Information Retrieval techniques and systems are used for this task, e.g. see
[20] for the related tasks in IBM Watson. The output of the previous module
is exploited in order to increase the efficiency and the accuracy, e.g. EAT for
restricting the search space and search for certain type of entities.

– Passage Extraction aims at reducing both the size of the text to analyze as well
as the amount of noise it contains, since the output of the previous step could
be large in size. In this task the relevant documents are segmented into shorter
units, in the size of paragraphs, for maintaining only a reasonable amount of
information to process and therefore improve the efficiency of the system. This
is analogous to the web search engines that for each hit they return a snippet,
i.e. a small excerpt of the document, that has all (or most) of the words in the
query. Returning to QA, this task is also related to the features that are used
for Passage Ranking (described next). A recent paper that evaluates passage
retrieval approaches is [105].

– Passage Ranking aims at ranking the candidate passages, based on a set of
features, which reflect the plausibility degree of containing the correct answer.
The features include the rank of the document that contains the passage, the
number of question words in passage and their proximity, the number of named
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entities having the right type (Answer type) in passage, and others. It outputs
a ranked list of candidate passages to be processed by the final module. Ap-
proaches for this module, usually contain hand-written rules or ML classifiers
which are trained to produce a ranking.

3. Answer Processing module: After the extraction of the relevant information
with respect to the user’s question, the final step is the extraction and validation
of the final answer. Common tasks in this module include:

– Candidate Answers Extraction aims at identifying the answer candidates from
the ranked list of passages. An approach for this module is to parse the passages
with part-of-speech and Named Entity taggers and return the pieces of text
which match the EAT (Expected Answer Type).

– Candidate Answers Ranking aims at ranking the candidate answers based on a
set of features which reflect the plausibility degree of being the correct answer.
It outputs a ranked list of candidate answers created by hand-written rules or
ML classifiers trained to produce a ranking.

– Answer Generation aims at generating the final answer from the set of candi-
dates. This task is useful, when we face the problem of partial answers which
range between paragraphs, documents or even different sources.

– Answer Validation aims at calculating a confidence score that reflects how sure
we are for the correctness of the generated answer.

4.3 Processes for QA over Data

Over time, Knowledge Base Question Answering (KBQA) systems have converged
to two major approaches [108]: (I) Semantic Parsing, and (II) Information Ex-
traction. The Semantic Parsing approach focuses on question understanding and
therefore attempts to convert sentences into their semantic representation, such as
logical forms [10,11,12,110]. On the other hand, the Information Extraction (IE)
approach [8,109] aims at identifying topic/focus entities in the input question and
then, via pre-defined templates, map the question to the KB predicates, and fi-
nally, explore the KG (Knowledge Graph) neighborhood of the matched entities.
For instance, according to the first approach, for a question of the form “Did Aris-
totle influence Ioannes Georgius Gadamer?” the objective is to translate it to a
SPARQL query of DBpedia, while according to the second approach, the idea is to
fetch all information about the related entities and their associations, and then to
try to answer the question using the derived graph, without necessarily having to
translate the question to a SPARQL query. As also stated in [87], such systems,
rely on a lexicon, learned from labeled training data, or even supported by addi-
tional resources, such as question paraphrases [11] and weakly labelled sentences
from a large text collection [109]. However, the size of such training data tends to
be very small compared to the number of distinct predicates and literals in the
KB, and consequently the produced lexicons have limited coverage.

In this section we analyze the case, where the underlying knowledge is repre-
sented as a Knowledge Graph (KG) or Knowledge Base (KB), based on RDF (e.g.
DBpedia [7], Freebase [14] etc). An RDF KG is a graph that describes real world
entities and facts as well as the relations between them. Entities are represented as
nodes, while the relations between them are represented as edges. Each entity can
be classified using one or more classes. Classes can be organized hierarchically, the
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same is true for relations. Nodes also stand for literals, i.e. values of entity prop-
erties (e.g. dates, phones, colors etc.). Moreover, RDF is equipped with reasoning
services enabling the derivation of inferred triples based on the semantics of RDF
Schema, OWL as well from custom inference rules. Finally, relative to the inte-
gration of the available data, there are many tools/techniques that make the task
easier, by interlinking different KBs based on ontology mapping methodologies [91,
5] or by transforming and properly integrate other data source types (e.g. CSV,
SQL tables) into RDF ontologies using semantic labeling techniques [79,83]. As a
result, the growth of this type of data representation increases over time, a fact
that make KGs able to support QA systems both on Open and Closed-domains.
Here, we present and briefly discuss, general steps in order to build a QA system,
based on Linked Data alongside with some possible approaches.

A general pipeline of a QA system over Data is illustrated in Figure 3(Right).
The overall process includes a preprocessing step (marked below with the number
0) and five basic steps, all described next.

– 0. Data preprocessing: It aims at increasing the performance both in terms
of execution time and predictive accuracy. It consists of the construction of
indexes of the KG for efficient search. Moreover, it can be used for vocabulary
expansion by exploiting synonyms, acronyms etc. of the KG resources. Thus,
it increases the recall of the Data Matching step, since it enables the system to
capture different expressions of specific entities. Attention should be paid, to
avoid harming the precision due to homonyms (i.e. the same word can refer to
different concepts) and polysemy (i.e. same string refers to different but related
concepts).

– 1. Question analysis: It aims at analyzing the input question. The process,
usually relies on a linguistic analysis of the question, which involves part-of-
speech taggers and parsers to capture the syntactic structure of the question,
plus some ways of capturing the semantics of it, e.g. Named Entity Recognition
(NER). These can be carried out using techniques which are implemented in
various widely used tools like Stanford CoreNLP [56] or DBpedia Spotlight
[58]. This step mainly focuses on revealing: (a) the question type, (b) the EAT
and (c) the focus of the question (as discussed in more detail in §4.1).

– 2. Data matching: This step is a challenging task due to the lexical gap and
the ambiguity between user’s utterance and the underlying KG vocabulary. It
targets on matching question words or phrases to their counterparts in the KG.
More specifically, the purpose of this step is to identify specific word chunks of
the input question that refer to specific entities, classes or properties in the KG.
This procedure can be naively implemented by simple string matching [111],
or by more sophisticated techniques such as approaches that take advantage
of word embeddings [55]. It is worth mentioning, that in the computation of
such similarities, synonymy, hypernymy and hyponymy should be taken into
account, since they adjust conceptual meaning to the words. On the one hand,
such information already exists in the KG, in the form of class hierarchies and
the expanded vocabulary sets mentioned in the Data preprocessing step. On the
other hand, the input question lacks of such structured knowledge due to the
plain text format. Thus, external (to the query) resources such as WordNet
[61], PATTY [68], ReVerb [32] and Word2Vec [59] (as well as more recent
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techniques for word embedding such as Glove [77], ELMO [78] and BERT [25])
are essential, since they provide/capture such information.

– 3. Scoring and Joint Inference: After the Data Matching step, we have
a set of candidate components. Having this set does not imply having the fi-
nal answer, since there are many combinations of the components resulting in
different answers or even invalid ones. This is due to the lack of connectivity
between them in the KG especially in cases that we deal with multiple knowl-
edge sources (for connectivity results over the datasets published as linked
data see [65]). The scoring of the candidates is required to find the optimal
solution. Another problem is the conflicting components. For example in the
question: “Who won the European football Championship in 2017?”, the can-
didate resources, for the surface form Championship that emerged from the
previous step, may be both ChampionsLeague2017 and EuropaLeague2017,
since European football championship may refer to both “Champions League”
and “Europa League”. In such cases, the scoring step should be able to se-
lect only one between the candidates, in order to construct a single SPARQL2

query in the next steps, from the following:

– select ?team where ?team prefix:winner prefix:ChampionsLeague2017.

– select ?team where ?team prefix:winner prefix:EuropaLeague2017.

To disambiguate that, approaches involve string matching, combined with Lin-
ear Programming as in [111] or matching based on the semantic similarity (e.g.
word embedding scores like WMD on Word2Vec’s word vectors) between the
candidate combinations of the answer components and the question compo-
nents (again combined with Linear Programming to find the optimum candi-
date resource combination).

– 4. Query construction: Having identified the features of the input question,
matched them in the KG, scored them and detected both the question and the
answer types, the next step is the question translation to a SPARQL query
in order to retrieve the answer. For this task, as mentioned in [47], current
approaches are along two paths: (1) template-based approaches [42], which map
input questions to either manually or automatically created SPARQL query
templates or (2) template-free approaches [104,112] that try to build SPARQL
queries based on the given syntactic structure of the input question.

– 5. Answer presentation: For returning the final answer to the user’s ques-
tion a kind of processing is required for making it intelligible to users. Since
most people are not able to read structured representation of knowledge, and
are not familiar with URIs, the translation of the RDF graph that corresponds
to the answer to a natural language form is required. For instance, for fac-
toid questions (as in [8]), only the last part of the URI can be presented, or
the value of the property rdfs:label. However, more complex processing is
required in cases of complex questions, as in the case of [17] where clustering
and summarization is employed.

4.4 Processes for QA over Data and Documents (Hybrid Approaches)

A limitation of the previous approaches is that a single type of source can be insuffi-
cient to provide the ideal answer. The latter could be the synthesis of information

2 https://www.w3.org/TR/rdf-sparql-query/
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extracted from various resources with different types of information representa-
tion. In such cases, the best approach is the adoption of hybrid approaches which
combine different types of knowledge representation and exploit all the available
information regardless their type. Hybrid approaches, are essentially systems that
exploit data of different forms (e.g. plain text, RDF datasets, SQL tables etc.) in
order to understand the input question and extract the corresponding answer. In
this work, we refer to Hybrid QA systems as the ones that exploit specifically, plain
text and RDF linked data. Such systems, may exploit text to enrich the vocabu-
lary of the structured knowledge [33,87,103], a procedure that uses the ontology
background knowledge to add semantic meaning to the available text and then in-
terlink the mentioned extracted information to the original KB. Other approaches
[23], transform the data that hail from different types of sources in a unique global
representation such as Universal schema [84] and then use this schema as the
underlying KB. The latter approach is helpful to train end-to-end NNs (Neural
Networks) for the QA task, since they require a single representation of the data
to be trained on. Furthermore, the approach of the Universal schema tackles the
difficulties of interlinking unstructured text to RDF KBs, which is a challenging
task, especially for large KBs (e.g. DBpedia, Freebase etc.) that contain many
ambiguous entities, relations and types.

5 Categorizing the Existing Systems

In this section we briefly present and categorize 21 Open-domain QA systems
that were published from 2013 until 2017, according to the following aspects: (1)
the type of their underlying knowledge, (2) the methods used, (3) the evaluation
metrics, and (4) the evaluation datasets used (evaluation is further discussed in
§6). The categorization is shown in Table 1. Subsequently we briefly discuss the
systems of each category.

5.1 Documents Oriented QA Systems

DrQA [19] is an Open-domain factoid QA system which exploits Wikipedia as
knowledge source. The process comprises two steps: (1) Document Retrieval and
(2) Machine Comprehension. In the former it exploits tf-idf vectors and local word
order features to retrieve relevant articles, while in the latter it uses a Multi-Layer
RNN (Recurrent Neural Network) in order to detect answer text spans.

Watanabe et al [100] present an Open-domain factoid QA system which ex-
ploits Wikipedia as knowledge source. It follows the two steps: (1) Document
Retrieval and (2) Machine Comprehension. In the former it employs hand crafted
heuristics and an RNN which exploits Word Level Attention to retrieve relevant
articles. In the latter, it uses an RNN with Attention Sum architecture in order to
detect answer text spans either from retrieved documents or a fixed vocabulary.

Wang et al [98] present an Open-domain factoid QA system with an end-to-
end NN architecture which also supports causal questions. It uses Gated self-
matching networks to approach the overall process as a reading comprehension
task. It follows the steps: (1) matching the input question with a given passage
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Table 1 Categorization of 21 Open-domain QA Systems. System: Name and/or ci-
tation of the system. Year: Publishing Year. Method: Methods used by the system namely.
Evaluation Dataset: Dataset used for system evaluation. Data Type: Format of underlying
data used by the system.

System Year Method Evaluation Dataset Data
Type

DrQA [19] 2017 Document Retrieval,
Machine Comprehen-
sion

SQuAD, Curat-
edTREC, WebQues-
tions, Wikimovies

Documents

Yusuke Watan-
abe et. al) [100]

2017 Document Retrieval,
Machine Comprehen-
sion

Wikimovies Documents

(Wenhui Wang
et. al) [98]

2017 end-to-end NN SQuAD Documents

(Caiming
Xiong et. al)
[102]

2017 end-to-end NN SQuAD Documents

CFO [22] 2016 Conditional Focused
NN

SimpleQuestions Data

(Denis
Lukovnikov
et. al) [55]

2017 end-to-end NN SimpleQuestions Data

Aqqu [8] 2015 Entity Matching, Tem-
plate Matching, Rela-
tion Matching, Query
Ranking

Free917, WebQues-
tions

Data

Casia [42] 2013 question analysis,
resource mapping,
SPARQL generation

QALD-3 Data

gAnswer [112] 2014 Semantic Parsing,
Semantic Query Graph
Generation, Graph
Matching

QALD-3 Data

(Jonathan Be-
rant et. al) [12]

2015 Imitation Learning,
Agenda-based Seman-
tic Parsing, Resource
Mapping, SPARQL
construction

WebQuestions Data

Xser [104] 2014 Phrasal Semantic Pars-
ing, Resource mapping,
SPARQL generation

QALD-4 Data

SEMPRE [10] 2013 Semantic Parsing, Re-
source mapping

Free917, WebQues-
tions

Data

PARASEMPRE
[11]

2014 Semantic Parsing,
Paraphrasing

Free917, WebQues-
tions

Data

STAGG [110] 2015 Semantic Parsing,
Graph Generation,
CNN

WebQuestions Data

jacana-freebase
[109]

2014 Information Extrac-
tion, Information
Retrieval, Classifica-
tion

ReverbMapping,
CluewebMapping,
WebQuestions

Data

(Yuanzhe
Zhang et. al)
[111]

2016 ILP, Alignment Con-
struction, Query Con-
struction

QALD-4 Data

ISOFT [72] 2015 Text Information
Extraction, Text
Indexing, SPARQL
Template Generation,
Sequential Query
Generation

QALD-5 Hybrid

(Rajarshi Das
et. al) [23]

2017 Universal schema,
Memory Networks

Spades Hybrid

Text2KB [87] 2016 Entity Matching, Tem-
plate Matching, Rela-
tion Matching, Query
Ranking

WebQuestions Hybrid

(Yansong Feng
et. al) [33]

2016 Entity Linking, Rela-
tion Extraction, ILP

WebQuestions Hybrid

(Yansong Feng
et. al) [103]

2016 Entity Linking, Rela-
tion Extraction, An-
swer Refinement

WebQuestions Hybrid
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to obtain a question-aware representation of the passage (using gated attention-
based recurrent networks), (2) refine the produced representation by applying the
proposed self-matching attention mechanism, and finally, (3) locate the answer
boundaries by employing the pointer networks.

Xiong et al [102] present an Open-domain factoid QA system with an end-
to-end NN architecture which also supports causal questions. It uses Dynamic
co-attention networks to tackle the limitation of other proposed deep learning
models, which are unable to recover from local maxima that correspond to in-
correct answers, “due to their single-pass nature”. The proposed model consists
of: (1) a co-attention encoder, which produces co-dependent representations of the
input question and the corresponding document and (2) a dynamic decoder, which
iteratively estimates the answer boundaries.

5.2 Data Oriented QA Systems

CFO [22] is an Open-domain factoid KBQA (Knowledge Base Question Answer-
ing) system which approaches the overall process as a binary classification task,
i.e. each subject-predicate pair is a candidate answer to an input question which is
classified as answer or not. It follows the steps: (1) compute the probability of each
pair given the question, using a Conditional-focused NN approach, (2) factorize
the probabilities by first inferring the target relation, and then the subject that is
associated with the candidate relations.

Lukovnikov et al [55] present an Open-domain factoid KBQA system with
an end-to-end NN architecture which approaches the overall process as a binary
classification task. The proposed approach, includes an RNN which is trained on
character and word level, which is then used as an encoder for the question as
well as the subjects and the predicates. The input features used, are character
encodings (using Gated Recurrent Unit - GRU) for the entity labels, and word
embeddings (using GloVe [77]) for predicates URIs and subject types.

Aqqu [8] is an Open-domain factoid KBQA system. It follows the steps: (1)
Entity Identification, to retrieve candidate entities, (2) Template Matching, to
construct candidate queries based on three handcrafted templates, (3) Relation
Matching, to find candidate predicates of the KB that match the input question’s
phrases and (4) Rank Queries, to find the most suitable query based on a set of
features.

Casia [42] is an Open-domain factoid KBQA system that follows the steps: (1)
generate graph pattern templates, based on the question type, the Named Entities
and the POS tags, (2) map the KB resources and the patterns (using WordNet,
PATTY and similarity measures), and (3) build SPARQL queries, to retrieve the
answer.

gAnswer [112] is an Open-domain factoid KBQA system. It follows the steps:
(1) convert the input question into a semantic query graph, (2) retrieve candidate
matches with confidence scores, (3) retrieve top-k matches over RDF subgraphs.

Berant & Liang [12] present an Open-domain factoid KBQA system which
(1) exploits a semantic parser, trained through imitation learning techniques over
WebQuestions, (2) proposes an agenda-based parsing that scales to the size of a
KB such as Freebase, (3) exploits tools such as Freebase Search API, Stanford
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CoreNLP, λ-DCS (Lambda Dependency-Based Compositional Semantics) logical
forms and lexicons in order to extend the parser to complete QA system.

Xser [104] is an Open-domain KBQA system. It follows the steps: (1) assign
semantic labels to question phrases via phrasal semantic parsing, (2) use a struc-
tured perceptron model to jointly solve the mappings between semantic phrases
and KB items.

SEMPRE [10] is an Open-domain KBQA system that (1) constructs a lexicon,
in order to map NL phrases to logical predicates (via alignment of large text
with Freebase), and (2) generates logical predicates which are compatible with
neighboring predicates. The proposed approach, tackles the limitations of other
approaches as regards the need of annotated logical forms for training and the
limited domains they operate.

PARASEMPRE [11] is an Open-domain KBQA system. It applies semantic
parsing based on paraphrasing, which exploits large amount of external text. It
follows the steps: (1) use a deterministic procedure to generate a set of candidate
logical forms, along with a canonical realization, and (2) use a paraphrase model to
choose the realization that best paraphrases the question and outputs the logical
form.

STAGG [110] is an Open-domain KBQA system. It follows the steps: (1) rep-
resent the meaning of the input question as a query-graph (that can be mapped
into a logical form), (2) apply entity linking as well as a Convolutional Neural
Network in order to match questions and predicate sequences.

jacana-freebase [109] is an Open-domain KBQA system that treats the KB
as an interlinked collection of “topics”. It follows the steps: (1) retrieve the cor-
responding topic-node for each entity in the question (using the Freebase Search
API), (2) retrieve topic-graph, based on these topics (using the Freebase Topic
API), (3) extract features for the question and the topic-graph, finally (4) use a
classifier to determine the answer node.

Zhang et al [111] present an Open-domain KBQA system using multiple KBs.
The proposed approach, consists of a joint method based on Integer Linear Pro-
gramming (ILP), which jointly considers the two interactive tasks of the Alignment
Construction and the Query Construction.

5.3 Hybrid QA Systems

Park et al [72] present an Open-domain Hybrid QA system that exploits free text
for enriching the knowledge and the vocabulary of the KB and aims at answering
factoid, comparative and confirmation questions. It follows the steps: (1) ana-
lyze input question to extract sub-questions, POS tags, EAT etc. (2) search in
the multi-information tagged text database (built from Wikipedia articles using
NLP and Disambiguation tools) to extract candidate answers, and (3) generate
SPARQL queries based on specific kind of words i.e. that reveal the type of the
question, e.g. for comparative words like ’deeper’ etc.

Das et al [23] present an Open-domain Hybrid QA system which exploits and
extends the Universal schema [84]. It employs memory networks for the construc-
tion of a KB with mixed data using a common representation, as well as a question
encoder in order to create its representation in a common space. Therefore, since
all the available information is aligned in a common embedded space, the system
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can support reasoning over the data despite their type and is able to serve as a
QA system.

Text2KB [87] is an Open-domain Hybrid QA system that extends the system
Aqqu [8]. It exploits external text information, to improve the tasks: a) Entity
Linking, b) Predicate Matching and c) Candidate Ranking. Particularly, it ex-
ploits: (1) Web search results to improve the task (a), (2) Community QA data in
order to improve the task (b) and finally (3) Documents collection with detected
KB entity mentions to improve the task (c).

Feng et al [33] present an Open-domain Hybrid QA system that exploits two
KBs (DBPedia and Freebase) as well as the English Wikipedia as text resource.
It follows the steps: (1) perform entity linking using DBpedia Lookup3 and S-
MART [106], (2) simultaneously perform relation extraction over KB and free text,
using a Multi-Channel Convolutional Neural Network and a paraphrase model
respectively, and (3) apply an Integer Linear Program (ILP) model to infer the
candidates and provide an optimal solution.

Xu et al [103] present an Open-domain Hybrid QA system that exploits the
Freebase KB and the English Wikipedia as text resource. It follows the steps: (1)
perform joint entity linking using S-MART [106] and relation extraction using a
Multi-Channel Convolutional Neural Network, (2) apply the answer refinement
process which is treated as a binary classification task using Support Vector Ma-
chines. The features used, were extracted from the Wikipedia pages of the identified
Freebase entities.

6 Evaluation Methods

TREC4 has had a question answering track since 1999. We should note that creat-
ing the equivalent of a standard Information Retrieval test collection is a difficult
problem. In an IR test collection, the unit that is judged, the document, has an
unique identifier, and it is easy to decide whether a document retrieved is the same
document that has been judged. For QA, the unit that is judged is the entire string
that is returned by the system and quite often different QA runs return different
answer strings, hence it is difficult to determine automatically whether the differ-
ence between a new string and a judged string is significant with respect to the
correctness of the answer. One method to tackle this problem is to use so-called
answer patterns and accept a string as correct if it matches an answer pattern for
the question, answer patterns are described in [96]. Having tackled such issues,
below follow a list of the metrics that are more commonly used.

Accuracy: If Q denotes the set of questions that are used in the evaluation,
and AQC those that were answered correctly, then the Accuracy is the fraction of
the questions that were answered correctly i.e. Accuracy = |AQC|

|Q| (e.g. this is the

way it is used in [16,73] and others). The number of wrongly answered questions
divided by Q is called error (obviously error = 1 − Accuracy). Sometimes the
word accuracy refers to other kinds of accuracy, e.g. to the ability of the system
to compute correct confidence scores.

3 http://wiki.dbpedia.org/projects/dbpedia-lookup
4 https://trec.nist.gov/data/qa.html
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For instance if “X” is a correct answer and a system (say A) predicts ”X as the
answer”, with confidence score equals to 0.7 and another system (say B) predicts
the same, but with confidence score equals to 0.9, then we can say that system
B is more accurate than system A, despite the fact that they achieved the same
precision, since they both predicted the correct answer (as in [48]).

Precision, Recall and F-measure: When evaluating a list question q, i.e. a ques-
tion whose responses is a set of elements, or if several correct answers to a ques-
tion are possible,] then evaluation metrics from IR (Information Retrieval) are
commonly employed. If Correct(q) is the set of elements that forms the perfect
answer for q, and Found(q) are those that the QA system returned, then the Pre-
cision (of the system as regards q) is the fraction of responses that are correct,

i.e. Precision(q) = |Found(q)∩Correct(q)|
|Found(q)| , while Recall is the fraction of the cor-

rect elements that the system found, i.e. Recall(q) = |Found(q)∩Correct(q)
|Correct(q)| . Now

the F-measure (also called F-score or F1-score), represents the harmonic mean of
Precision and Recall i.e. F1 = 2 Precision∗Recall

Precision+Recall . It is used in order to capture
both precision and recall capabilities of a system in a single score and it is used in
several well known QA benchmarks like QALD.

Average Precision (AveP): It is the average value of the precision as a function
of the recall. It requires computing the precision and recall at every position in
the ranked list (to take into account the order of the results). It is mainly used to
evaluate ranked-result questions, like the metric MRR that will be described next.

Mean Average Precision (MAP): It is the mean of the AveP scores for a set
of queries, e.g. for set Q of questions that are used in the evaluation, and it is
calculated by summing all AveP scores for each query, and then dividing by the
total number of queries.

Mean Reciprocal Rank (MRR): For a system returning a ranked list of elements
the Mean Reciprocal Rank (MRR), over a set of questions Q, is defined as MRR =
1
|Q|

∑|Q|
i=1

1
ranki

where ranki refers to the rank position of the first relevant hit for
the i-th question. This metric can be used not only in QA systems but also in
dialogue systems, e.g. for measuring the improvement because of dialogue act
information (as in [50]).

Table 2 lists 23 commonly used evaluation/training datasets in QAs and DS.
They are categorized according to the following aspects: domain (open or closed),
underlying knowledge source, available tasks, and finally, the associated evaluation
metrics.

7 Current Trends and Challenges

General Observations. A general observation is that most of the works focus on
answering factoid questions. A few quantitative observations, about the systems
shown in Table 1, follow: (a) all of the document-based systems employ Neural
Networks and half of them exploit Wikipedia, (b) half of the data-based systems
employ a kind of ML technique, and (c) most of the hybrid systems employ a kind
of ML technique.

Tools. By analyzing the bibliography the list of tools that are mentioned very
frequently in the literature are: Word2Vec [59]5, FRED [81,38], Qanary [28,90,

5 https://deeplearning4j.org/word2vec.html
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Table 2 A guide to QA/DS Datasets. Dataset: Name and citation of the data set.
Domain: Type of the domain the dataset focuses on (i.e. Open or Close Domain). Tasks:
The tasks for which the dataset is provided for. Evaluation Metrics: Evaluation metrics that
the dataset proposes. Knowledge Source: The underlying format of knowledge (i.e. Data,
Documents or Hybrid).

Dataset Domain Tasks Evaluation Metrics Knowledge
Source

SQuAD [82] open Machine Comprehen-
sion

F1, EM Documents

CNN/Daily
Mail [43]

open Machine Comprehen-
sion

Accuracy Documents

CBT [46] open Exploit Linguistic
Context, Predict
missing word

Accuracy Documents

QuizBowl [48] open Answer Triggering Accuracy Documents
WikiQA [107] open Answer Sentence Selec-

tion, Answer Trigger-
ing

Precision, Recall,
F1, MAP, MRR

Documents

Question Clas-
sification Cor-
pus [52]

open EAT Identification Precision Documents

CuratedTREC
[9]

open QA Accuracy@k, F1, Re-
call, MRR

Documents

WebQuestions
[10]

open Semantic Parsing F1, Accuracy Data

SimpleQuestions
[16]

open QA F1, Accuracy Data

Frames [6] closed Frame Tracking Frame Creation,
Frame Identification

Data

QALD1 both QA over RDF F1, Precision, Recall Data
QALD2 both QA over RDF F1, Precision, Recall Data
QALD3 [21] both Multilingual QA, Lexi-

calization
F1, Precision, Re-
call, Lexical Preci-
sion, Lexical Recall,
Lexical Accuracy

Data

LC-QuAD [93] open Large Scale QA over
RDF

F1, Precision, Recall Data

WikiTable [73] open Semantic Parsing Accuracy Data
SPADES [13] open Slot Filling Simplified Labeled

F1, Undirected
Unlabeled F1, Slot
Filling Performance,

Hybrid

WikiMovies
[60]

closed QA hits@k Hybrid

WikiReading
[45]

open Natural Language Un-
derstanding

F1 Hybrid

QALD4 [76] both Multilingual QA, QA
over Interlinked Data,
Hybrid QA

F1, Precision, Recall Hybrid

QALD5 [94] open Multilingual QA, Hy-
brid QA

F1, Precision, Re-
call, F1-Global

Hybrid

QALD6 [95] both Multilingual QA, Hy-
brid QA, Statistical
QA over RDF dat-
acubes

F1, Precision, Re-
call, F1-Global

Hybrid

QALD7 open Multilingual QA, Hy-
brid QA, Large Scale
QA over RDF, En-
glish question answer-
ing over Wikidata

F1, Precision, Recall Hybrid

MovieDialog
[30]

closed QA, Recommendation,
Dialogue

hits@k Hybrid
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27], PATTY [68]6, WordNet [61]7, Stanford CoreNLP [56]8, DBpedia Spotlight
[58],9, and FOX (Federated knOwledge eXtraction Framework) [92]10.

Challenges and Directions. Although the current paper covered many different
types of QA systems, i.e. document-based QA (in §4.2), KB-based QA (in §4.3),
and Hybrid QA (in §4.4), according to our opinion the most interesting is the lat-
ter. Since, different knowledge sources come along with their pros and cons, as we
analyzed in this survey, a reasonable direction is the one that aims at exploiting
different types of underlying knowledge in order to minimize the limitations of
each individual one. It is undeniable that the biggest amount of factual informa-
tion on the web, currently is covered by plain text (e.g. documents, sites, blogs
etc.). Based on the above facts, a direction that is worth further research is the
task of exploiting external plain-text knowledge in order to: enrich the vocabulary
and the contents of the KB (for improving tasks like disambiguation, recall the
ambiguity challenge). The opposite direction is also interesting, that is the pursuit
for more flexible and effective methods for structuring and interlinking plain text
information with structured representations of knowledge such as RDF graphs,
in an attempt to approach a solution to the challenge of distributed knowledge.
Finally, evaluation datasets and benchmarks are crucial for obtaining comparable
results (and thus for comparing and advancing the effectiveness of QA methods),
therefore the evaluation process per se is also an interesting research direction.

8 Concluding Remarks

In this paper we surveyed Question Answering and Dialogue systems with empha-
sis on the first type of systems. We discussed the main challenges, we structured
the landscape according to various aspects, and we described the steps of the QA
process that is followed by three main categories of systems, as well as the methods
and techniques that are commonly used for realizing each of these steps. We then
categorized 21 recent and successful systems according to various aspects (knowl-
edge source, types of questions, and domain type). Since evaluation is a topic of
utmost importance, we collected a set of 23 evaluation and training datasets that
are most commonly used in the literature and we categorized them according to
the type of the domain (open or closed), the underlying knowledge source, the
provided available tasks, and the associated evaluation metrics used. Finally, we
listed practical tools that are widely used for carrying out certain tasks of the QA
pipeline, and we discussed trends, directions and challenges.

Acknowledgements We would like to thank Michalis Mountantonakis, Katerina Papanto-
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9 https://github.com/dbpedia-spotlight/dbpedia-spotlight/wiki/Installation

10 http://aksw.org/Projects/FOX.html
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Ibáñez-Gonzalez, Emilia Kacprzak, and Paul Groth. Dataset search: a survey. arXiv
preprint arXiv:1901.00735, 2019.

19. Danqi Chen, Adam Fisch, Jason Weston, and Antoine Bordes. Reading wikipedia to
answer open-domain questions. CoRR, abs/1704.00051, 2017.

20. Jennifer Chu-Carroll, James Fan, Nico Schlaefer, and Wlodek Zadrozny. Textual resource
acquisition and engineering. IBM Journal of Research and Development, 56(3.4):4–1,
2012.

21. P. Cimiano, V. Lopez, C. Unger, E. Cabrio, A. Ngonga Ngomo, and S. Walter. Multi-
lingual Question Answering over Linked Data (QALD-3): Lab Overview, pages 321–332.
Springer Berlin Heidelberg, Berlin, Heidelberg, 2013.



24 Eleftherios Dimitrakis et al.

22. Zihang Dai, Lei Li, and Wei Xu. Cfo: Conditional focused neural question answering
with large-scale knowledge bases. arXiv preprint arXiv:1606.01994, 2016.

23. Rajarshi Das, Manzil Zaheer, Siva Reddy, and Andrew McCallum. Question answering on
knowledge bases and text using universal schema and memory networks. arXiv preprint
arXiv:1704.08384, 2017.

24. Manmita Devi and Mohit Dua. Adans: An agriculture domain question answering sys-
tem using ontologies. In Computing, Communication and Automation (ICCCA), 2017
International Conference on, pages 122–127. IEEE, 2017.

25. Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training
of deep bidirectional transformers for language understanding. CORR abs/1810.04805,
2018.

26. Shehzaad Dhuliawala, Diptesh Kanojia, and Pushpak Bhattacharyya. Slangnet: A word-
net like resource for english slang. In LREC, 2016.

27. Dennis Diefenbach, Niousha Hormozi, Shanzay Amjad, and Andreas Both. Introducing
feedback in qanary: How users can interact with qa systems. In European Semantic Web
Conference, pages 81–86. Springer, 2017.

28. Dennis Diefenbach, Kuldeep Singh, Andreas Both, Didier Cherix, Christoph Lange, and
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and Hal Daumé III. A neural network for factoid question answering over paragraphs.
In EMNLP, pages 633–644, 2014.

49. Natalia Konstantinova and Constantin Orasan. Interactive question answering. Emerging
Applications of Natural Language Processing: Concepts and New Research, pages 149–
169, 2012.

50. Harshit Kumar, Arvind Agarwal, and Sachindra Joshi. Dialogue-act-driven conversa-
tion model: An experimental study. In Proc. of the 27th International Conference on
Computational Linguistics, pages 1246–1256, 2018.

51. Adam Lally, John M Prager, Michael C McCord, Branimir K Boguraev, Siddharth Pat-
wardhan, James Fan, Paul Fodor, and Jennifer Chu-Carroll. Question analysis: How
watson reads a clue. IBM Journal of Research and Development, 56(3.4):2–1, 2012.

52. Xin Li and Dan Roth. Learning question classifiers: The role of semantic information.
Nat. Lang. Eng., 12(3):229–249, September 2006.

53. Jimmy Lin. An exploration of the principles underlying redundancy-based factoid ques-
tion answering. ACM Transactions on Information Systems (TOIS), 25(2):6, 2007.

54. Hongxia Liu, Qingcheng Hu, Yong Zhang, Chunxiao Xing, and Ming Sheng. A knowledge-
based health question answering system. In Smart Health, pages 286–291, Cham, 2017.
Springer International Publishing.

55. Denis Lukovnikov, Asja Fischer, Jens Lehmann, and Sören Auer. Neural network-based
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