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Abstract. We propose a shared task for question generation: the ranking
of reading comprehension questions about Wikipedia articles generated

by a base overgenerating system. This task focuses on domain-general

issues in question generation and invites a variety of approaches, and
also permits semi-automatic evaluation. We describe an initial system

we developed for this task, and an annotation scheme used in the devel-

opment and evaluation of our system.
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Introduction

Questions are an important component of many educational interactions, from
one-on-one tutoring sessions to large-scale assessments. Thus, the automation of
generating questions would enable the efficient development of flexible and adap-
tive instructional technologies. For example, a teacher might use a question gen-
eration (QG) system to quickly create assessments for daily reading assignments.
Or, he or she might use an automated system to generate comprehension ques-
tions about a text he or she found on the web, facilitating the use of practice
reading texts that closely match students’ interests.

In addition, the utility of automated QG extends beyond educational tech-
nology into fields such as web search and dialogue systems. A more extensive
discussion of QG and its applications can be found in the report from the NSF-
sponsored Workshop on the Question Generation Shared Task and Evaluation
Challenge [1].

Each application of QG will have a slightly different set of criteria for evalu-
ating the quality of the questions produced. For instance, in a tutoring applica-
tion, the quality of questions may depend on the state of a learner model. On the
other hand, in a dialogue system, quality may be determined by the efficiency and
success of a commercial transaction. Nonetheless, we claim that certain charac-
teristics of questions are domain-general, having relevance in educational applica-
tions as well as other domains. This set of general characteristics addresses issues
such as grammaticality, vagueness, the use of the appropriate wh-word, and the
presence of formatting errors in the output.



General characteristics of questions such as grammaticality are often quite
difficult to evaluate automatically. As such, manual judgments of question quality
are informative, and perhaps necessary, for effective QG evaluations. Researchers
in related fields have developed semi-automatic measures of quality for their re-
spective tasks (e.g., in machine translation [2] and text summarization [3]). While
these metrics require some initial human input (e.g., reference translations, hu-
man summaries), we note that their value derives from the fact that they facilitate
efficient evaluations by making the human input reusable.

In this paper, we contribute to the study of QG by proposing a shared task,
the ranking of reading comprehension questions about Wikipedia articles, which
focuses on application-general QG issues (§1). We describe a system we developed
for this task (§2), and an initial annotation scheme and process (§3) that we
used to evaluate the system. We also describe relevant previous research (§4), and
conclude with a general discussion (§5).

1. Proposed Task: Ranking Questions about Wikipedia Articles

We propose as a shared QG task the ranking of automatically generated reading
comprehension questions about Wikipedia articles. At least in the first version of
the task, the questions would be about literal information in the articles, rather
than dealing with more complex questions involving inference and prior knowl-
edge. Additionally, the task would assume that the student has only minimal prior
knowledge of the topic of the text.

It is important to emphasize that the task would not be the generation of
questions, but rather the ranking of questions generated by a base system that
overgenerates (i.e., produces a large amount of output in order to increase the
chance of including more high-quality items, perhaps at the expense of including a
higher percentage of low-quality items). For example, from the sentence Francium
was discovered by Marguerite Perey in France in 1939,1 an overgenerating system
might produce the following questions:

∙ Where was francium discovered by Marguerite Perey in 1939?
∙ When was francium discovered by Marguerite Perey in France?
∙ Was francium discovered by Marguerite Perey in France in 1939?
∙ By what was francium discovered in France in 1939?

A system participating in the task would take as input a large number, pos-
sibly in the hundreds or more, of unranked literal comprehension questions such
as the above, along with metadata formally describing how each question was
produced from the source article. This metadata might include the original source
sentence, the location of that sentence, the linguistics transformations performed
by the overgenerator, etc. The system would then produce as output a single
ranking of the input questions by their predicted levels of acceptability. For in-
stance, for the example just presented, a system might identify the last question
as unacceptable (because it uses the inappropriate wh-word) and therefore pe-
nalize it in the ranking. Acceptability would be defined for evaluation purposes as

1From “Francium.” Wikipedia: The Free Encyclopedia. Retrieved Dec. 16, 2008.



the satisfaction of all of a set of domain-general criteria (such as those described
in §3).

Researchers have found overgenerate-and-rank approaches to be successful
in various domains, including natural language generation [4,5] and syntactic
parsing [6]. Initially, we propose that the overgenerating system be based on
lexical and syntactic transformations of sentences from the input text. In order to
transform declarative sentences into questions, the overgenerator would perform
linguistic transformations such as subject-auxiliary inversion, wh-movement, and
replacement of answer phrases with appropriate wh-words (i.e., who, what, where,
etc.).

The relative simplicity of this ranking task allows researchers to focus on
domain-general issues that are relevant to QG in various application domains. In
contrast, a QG task in the context of a tutoring system might focus too much on
the interactions of question quality with students’ prior knowledge for its results
to be relevant to a QG researcher working on a dialogue system for commercial
transactions. On the other hand, a QG task in the context of a dialogue system
for flight reservations might focus too much on the step-by-step communicative
process for its results to be relevant to a QG researcher working on tutoring. The
issues that the ranking task focuses on, however, are important in many domains.

Of course, participants’ ranking systems would to some extent depend on
the specific evaluation criteria used for evaluating this task. However, since the
criteria are intended to be domain-general, they would likely constitute a subset
of the criteria for many specific QG applications. Therefore, to build a ranking
system for a specific application, a participant could extend rather than replace
the ranking system—for example, by adding additional features for a machine
learning algorithm to consider when learning to rank.

Another benefit of the ranking task is that human judgments could be reused,
making evaluation a semi-automatic process as in machine translation and sum-
marization. Only a single round of human annotation of the questions from the
base overgenerating system would be necessary. Once this single set of ratings is
acquired, new question-ranking systems could be evaluated automatically by ex-
amining the original human judgments of the questions that they rank the highest
(e.g., in the top-10).

In subsequent versions of the task, the overgenerator might be revised, re-
placed, or augmented to address more complex semantic and discourse phenom-
ena. Altering the overgenerator would also deal with the potential problem of
focusing too much on the idiosyncrasies of a particular overgenerating approach.
An additional shared task for building overgenerating systems also seems possi-
ble. For such a task, the overgenerating systems might be evaluated by combining
them with various question ranking systems developed for the ranking task.

2. Description of an Implemented System for this Task

We have developed an initial system that overgenerates and ranks questions about
English Wikipedia and Simple English Wikipedia articles. The system works in
three stages, the first two of which correspond to the overgenerating system de-



scribed previously, and the third of which corresponds to the ranking system that
participants in the shared task would build.

In stage 1, sentences from the text are transformed into declarative sentences
by optionally altering or transforming lexical items, syntactic structure, and se-
mantics. Many existing NLP transformations may be exploited in this stage, in-
cluding extractive summarization, sentence compression, sentence splitting, sen-
tence fusion, paraphrase generation, textual entailment, and lexical semantics for
word substitution. In our system, we have included a small set of transformations
based on previous work in headline generation [7] and summarization [8], such as
the removal of appositives and adverbial modifiers.

In stage 2, the derived declarative sentence is turned into a question by ex-
ecuting a set of well-defined syntactic transformations (wh-movement, subject-
auxiliary inversion, etc.). The system explicitly encodes well-studied linguistic
constraints on wh-movement such as noun phrase island constraints [9]. The
transformation rules were implemented by automatically parsing the input into
phrase structure trees with the Stanford Parser [10] and using hand-written rules
in the Tregex and Tsurgeon tree searching and tree manipulation languages [11]
to modify those trees. Note that both the automatic statistical parsing and man-
ually defined transformation operations introduce errors, which further motivate
the introduction of a ranking component to identify situations in which errors are
likely to have occurred.

In stage 3, which corresponds to the proposed ranking task, the questions are
scored and ranked using a statistical classifier based on various features of the
questions from stage 2. The system will be described in detail in a forthcoming
technical report.

3. Annotation for Evaluation Questions According to General Criteria

In this section, we describe the annotation scheme we used to evaluate our rat-
ing system. The annotation process was imperfect, both in the categorization of
question deficiencies and the execution of the manual annotation process, but a
few key alterations would lead to a more effective and reliable annotation scheme.

We defined a set of question deficiencies, listed and described in Table 1, which
focus on characteristics of questions that are reasonably domain- and task- inde-
pendent, such as grammaticality and appropriate specificity. Since these aspects
of questions are not mutually exclusive, the annotator makes a binary decision
for each category as to whether a given question is acceptable or not according
to that factor. For example, a question might be both vague and ungrammatical,
and, in such a case, an annotator would mark both deficiencies. Note that the
“Acceptable” category is for questions that are not deficient according to any of
the other factors, and is therefore mutually exclusive with the others.

The set of questions used in our evaluation test set included 644 questions gen-
erated from 8 articles. Four articles, two each, came from the English Wikipedia
and the Simple English Wikipedia. The others were two pairs of articles from the
Wall Street Journal section of the Penn Treebank, with one of each pair including
automatic syntactic parses from the Stanford Parser [10], and the other including



the human-annotated gold-standard syntactic parses from the Treebank. We used
the Penn Treebank texts to explore the effects of parser output quality on the
generated questions, but we will not go into detail on those results here. Three
persons annotated the questions from each article.

Inter-rater agreement, measured by Fleiss’s �, was fairly low across the cate-
gories. For the most important distinction, between questions that are acceptable
and those that possess any deficiency, the � value was .42, corresponding to “mod-
erate agreement” [12]. From observations of the data and comments by annota-
tors, it appears that a few alterations to the scheme would improve agreement. For
instance, the categories of “Ungrammatical” and “Does not make sense” might
be merged. While the first focuses on syntactic errors and the second on semantic
errors, this distinction was not readily apparent to annotators. Additionally, these
two types of deficiency can often be attributed to similar causes, such as syntactic
parsing errors. The infrequent “Missing Answer” category could also be merged
into “Other”. Of course, it would be possible to merge all of the categories and
simply rate questions as good or bad. However, the identification of the causes
of erroneous output likely has value, both from a scientific point of view, for un-
derstanding which aspects of QG are most challenging and interesting, as well as
from an engineering point of view, in that a statistical ranking model may be able
to leverage this information when ranking questions.

Also, some of the categories could benefit from more detailed descriptions,
and though we provided a few examples with each category, more positive and
negative examples for each would likely increase agreement. The “Obvious An-
swer” category was particularly problematic in this regard.

We also note that many of the guidelines and methods for training annno-
tators and improving annotation schemes (cf. [13]) will likely be useful for QG
evaluation.

In addition to the set of categories used to annotate questions, improving the
process of annotation–i.e., annotator training, spot-checking, and redundancy–
would likely lead to higher agreement. Three novice annotators rated each article
in the test set for our experiments, and because of the relatively low agreement,
questions were judged to be “acceptable” only when no annotator annotated it
with any deficiency. Other annotation processes might involve either a smaller
number of extensively trained annotators, or a much larger number of novice
annotators rating questions redundantly through a facility such as Amazon.com’s
Mechanical Turk (cf. [14]).

For the evaluation metric for this task, we propose using the percentage of
questions labeled “Acceptable” in the top N questions, or precision-at-N . This
metric is appropriate because a typical user would likely consider only a limited
number of questions. Precision at a single N value (e.g., N = 10) would serve as
the primary metric, and precision at other N ranging from 1 to 30 would provide
additional detail.

4. Prior Work

In this section, we describe some of the prior work relevant to the proposed shared
task on ranking questions.



Deficiency Description % �

Ungrammatical The question does not appear to be a valid English
sentence.

36.7 .29

Does not make
sense

The question is grammatical but indecipherable.
(e.g., Who was the investment? )

39.5 .29

Vague The question is too vague to know exactly what
it is asking about, even after reading the article
(e.g., What did Lincoln do? ).

40.2 .40

Obvious answer The correct answer would be obvious even to
someone who has not read the article (e.g., the
answer is obviously the subject of the article, or
the answer is clearly yes).

14.7 .13

Missing answer The answer to the question is not in the article. 5.1 .14

Wrong wh word The question would be acceptable if the wh
phrase were different (e.g., in what versus where).
wh phrases include who, what, where, when, how,
why, how much, what kind of, etc.

12.2 .40

Formatting There are minor formatting errors (e.g., with re-
spect to capitalization, punctuation)

18.3 .50

Other There are other errors in the question that are not
covered by any of the categories

10.8 .03

Acceptable None of the above deficiencies were present. 12.8 .42
Table 1. The categories used in our evaluation to describe the possible deficiencies a generated
question may exhibit. On the right are, for each category, the percentages of questions that

at least one annotator annotated with that category as well as the Fleiss’s � value for inter-

annotator agreement.

Overgenerate-and-rank and reranking approaches have been applied success-
fully in various domains. In particular, Walker et al. [4] rank potential output
from a natural language generation system based on features that correlate with
human judgments of quality. Langkilde and Knight [5] also rank output of a gen-
eration system, but using corpus evidence rather than human judgments. Similar
ranking approaches have been employed for natural language processing tasks.
Many state-of-the-art approaches to syntactic parsing currently re-rank their out-
put based on features that cannot be easily incorporated into the pre-ranking
component [6].

Most previous evaluations of QG systems have been domain- or task-specific
and relatively small-scale (e.g., [16], [17]). Humans rated the output of a particular
system. As such, if further developments were made in QG, even for the same
task, another round of human judgments would be required.

Evaluations for similar domains are also informative. In summarization [3] and
machine translation [2], initial human input in the form of reference translations
and summaries have led to semi-automatic metrics. For a given input sentence
or document, these metrics compute the surface similarity of system output, of
which there are infinitely many possibilities, to output produced by a human.
However, it is unclear whether such an approach could be directly adapted for QG.
Furthermore, criticisms of metrics based on surface similarity are well-known [18].



Human evaluations are often used in such tasks, particularly for final evaluations
rather than ongoing development. The rating schemes often focus on aspects of
the output that are relevant to QG, such as grammaticality (e.g., [19]).

In tasks such as recognizing textual entailment [20], paraphrase identifica-
tion [21], and question answering [22], semi-automatic measures have also been
developed based on initial human input. Unlike the above tasks, the output in
these cases is a classification decision (e.g., paraphrase or not, correct or incorrect
answer). This makes the assessment of correctness of system output straightfor-
ward.

5. Discussion

An ideal QG system would be broad-domain (e.g., would work for tutoring in
science or history, and for elementary school or college), scalable to large datasets,
and generate questions involving deep inference about the source material. Such
a solution is not likely to be feasible with current semantic representations and
automatic natural language processing technologies.

The feasible approaches to QG fall along a range with respect to their domain-
generality, scalability, and the depth of the linguistic and cognitive issues that
they address. At one end of this range are approaches that focus on particular
narrow-domain QG applications. While such approaches are able to consider deep
aspects of linguistics (e.g., semantics, discourse processing) and human knowledge
in their specific domains, they make use of resources (e.g., complex ontologies)
that may be expensive and not useful across systems.

At the other end of this range are broad-domain, scalable approaches—such
as the ranking task proposed here—that focus on more general (though perhaps
more shallow) aspects of language, questions, and human knowledge. Focusing on
such issues would spur innovation on generalizable and scalable techniques that
would be relevant to a variety of specific QG applications. Even very narrow-
domain applications would likely benefit because they must still address issues
such as grammaticality and vagueness.

In conclusion, the domain-generality of the proposed task and the existence
of a straightforward automated evaluation method, as discussed in §1, are the
primary benefits that make it likely to succeed in furthering research on QG.
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