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Abstract. An important aspect of the semantic web is that systems
have an understanding of the content and context of text, images, sounds
and videos. Although research in these ﬁelds has progressed over the last
years, there is still a semantic gap between data available of multimedia and metadata annotated by humans describing the content. This
research investigates how the complete interpretation space of humans
about the content and context of this data can be captured. The methodology consists of using open-ended crowdsourcing tasks that optimize the
capturing of multiple interpretations combined with disagreement based
metrics for evaluation of the results. These descriptions can be used
meaningfully to improve information retrieval and recommendation of
multimedia, to train and evaluate machine learning components and the
training and assessment of experts.
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Introduction

The semantic web has contributed to improving the usability of websites through
semantic metadata, but this has not proven eﬀective for media such as images,
sounds and videos. The problem is that although every day more and more
media content is shared online, the amount of metadata available is still limited
[1]. Often some metadata is made available by the author, there is still a semantic
gap between the available metadata and how it is perceived by humans. As a
result, the metadata does not give a good representation of the actual content
and context. The underlying systems need to have an understanding of this
context, the human perspectives and opinions in order to provide meaningful
search and discovery of information.
Recent work on video search engines has shown the existence of a semantic
gap in video content [2]. In order to bridge this gap, it is essential for these systems to gain an understanding of the actual content. Search in social platforms
like YouTube is limited by the annotations made by the uploader of a video.
This means that the content you are looking for can be there, but that there is
no representation of it in the metadata. The current improvements in information extraction methods will contribute to solving this problem, but the problem
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remains that sounds, images and videos are prone to have multiple interpretations because they can be represented in multiple ways [3]. This means more
interpretations of what can be heard are needed, in order to form a full spectrum of meaningful representations. In addition, gold standards for sounds are
limited in size, and are often homogeneous because they only contain single
interpretations [4]. Rich information can be obtained by aggregating multiple of
these interpretations, which can be seen as collective intelligence [5].
In crowdsourcing, annotations are obtained from a large crowd of people
using small microtasks. Often these tasks consist of the crowd workers selecting
the right answer to a question. Capturing the complete answer space of possible
interpretations has proven to be diﬃcult with annotation tasks. Guidelines in
tasks often focus on only one semantic interpretation in order to increase the
inter-annotator agreement [6]. Also, no common reference system for deﬁning the
answers may be available, because for many tasks the answers simply cannot be
predeﬁned [7]. It can also be that there simply is no standardization in the
categorization available [4]. Experts can help to deﬁne the reference system, but
their views are biased and often it is diﬃcult to deﬁne who the “experts” are
in tasks such as general question-answering, interpretations of multimedia or
sentiment analysis of texts. It may even be possible that the answer space is
inﬁnite, because the boundaries of the space are unknown or cannot be known.
The CrowdTruth1 initiative [8–11] has been investigating how annotations
can be collected on a large scale using crowdsourcing based on disagreement,
rather than artiﬁcially forcing agreement through the inter-annotator agreement. The results have shown that crowdsourcing is a quick and cheaper way
to solve the problem of scale, lack of experts and lack of interpretations [12].
Gathering many annotations from a lay crowd rather than few annotations from
experts gives a closer representation of reality. Crowdsourcing has proven to be
a successful tool for bridging the semantic gap [13]. Yet the question remains
how crowdsourcing tasks can be designed if the interpretation space of possible
answers is unknown, such that interpretations are not limited by the design of a
task. Such open-ended tasks in which the user is less restricted in the answer that
can be given can help gather annotations that better represent what is heard in
a sound or what can be seen in a video. For instance for improving search or
recommendation through content-based indexing.
In Sect. 2 the state of the art is described. Next, the problem statement and
contributions of this research are formulated. In Sect. 4, the approach of this
research is presented, followed by the preliminary results in Sect. 5. Last follow
the evaluation plan for the approach and the conclusions of this paper.

2

State of the Art

There are many questions to which there is no single answer, or the answer is
unknown. In such case an open ended task can be used to allow a multitude of
possible answers to be annotated, without there being one correct answer. This
1
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does not restrict an annotator in giving a predeﬁned answer, but has shown to
give the worker freedom to answer according to their own interpretation [14].
This makes these tasks eﬃcient for gathering a wide range of human interpretations, and that the resulting ground truth has a low inﬂuence of the reference
system or answer options.
The problem of interpretation and answer spaces of unknown or large size
is addressed in a study on object localization in images [15]. It is claimed that
probabilistic inference on the ability to solve a task is necessary, because there
is a signiﬁcant diﬀerence in the ability of a person to perform a cognitive task.
Related, another study found that if the data spans multiple domains, it is
more likely that the answer space changes across diﬀerent tasks [16]. If there is
agreement between diﬀerent workers in an open-ended task, it can be seen as
a stronger signal because the answer space is much larger [17]. The chance of
workers selecting the same answer in a small answer space is much higher, and
having no overlap increases the diﬃculty of evaluating the answers.
Designing a clear and more detailed crowdsourcing task is needed in order to
avoid misunderstanding and result in more substantial answers [18]. For openended tasks this is more important, because closed tasks have better deﬁned rules
and guidelines than open ended tasks. As a result, the interpretation of every
aspect of an open-ended task plays a more important role. This feature of openended tasks is often exploited for teaching purposes, because the task can be
approached in more ways where the diﬃculty plays less of a role. This has been
found to result in a more diverse and larger group of answers that can be given
than with closed questions, while providing valuable feedback to the teacher
about the level of understanding of the students [19]. In a study on describing
images through crowdsourcing [20] it was found that for eﬃcient task designs, the
resulting annotations should be as simple as possible while being as meaningful
as possible. The simple annotations can also improve the detection of low quality
annotations, because they have a more uniﬁed structure. This combination of
an open-ended design with clear guidelines and simple meaningful annotations
can be used to gather the interpretations.
The multitude of interpretations resulting from open-ended crowdsourcing
tasks has also shown to be more diﬃcult to evaluate [21], because these tasks can
be highly subjective. Furthermore, if multiple answers can be correct majority
voting as quality measure is not appropriate. Instead a peer-review approach
should be used where workers verify each others work [22]. In [23] an openended crowdsourcing task was used to describe in words the diﬀerences between
two images. The resulting lexicon was found to be comparable in quality to one
created by experts using the diﬀerent interpretations. For spam detection, openended questions have also been found to have the advantage that the response
time is an indicator for lies and deception [24]. A study has been done on the use
of open tasks [7] using free-response formulation with inﬁnite outcome spaces.
However, it was shown that although there are many crowdsourcing tasks that
can match the quality of expert annotations, tasks with an inﬁnite interpretation
space where the boundaries of possible answers were unknown are not yet used in
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practice. Although these results have been found to be more diﬃcult to evaluate,
the design can result in high quality annotations.
There has been an increasing interest in research on the nature of sounds,
and how people perceive sounds. The content that is perceived in sounds can be
described in three categories: the source of the sound, attributes of the sound
and the environment of the sound [25]. The perception diﬀers from visual interpretation, because the awareness of sound sources are not as direct as when the
source can be visually identiﬁed. Also, visible entities such as images diﬀer from
sound because they fully exist over time, while a sound always begins and ends
like an event does. During this, its audible features change over time and do not
have to fully exist at any given time [26]. This makes the sounds prone to have
multiple interpretations, which makes the inter-annotator agreement a diﬃcult
metric to for instance measure the emotion in a sound [3]. Although our recent
work on CrowdTruth has shown that annotator disagreement should be used as
a signal, it is still considered a consensus problem [27,28]. This is speciﬁcally
present in the ambiguity of sounds, which is why it is used in this study.
In music information retrieval, the features that inﬂuence how humans perceive music can be categorized into four factors [29]: (1) The content of what
is heard in the music, discriminated using low to high level features like harmony or rhythm. (2) The context of the music such as lyrics, video clips, artist
info and semantic labels. (3) The user listening to music, such as demographics and experience. (4) The context the user is in, such as mood and temporal
context. The need for common representations in music using linked open data
is discussed in [30], where they developed a semantic audio analysis interface
for extracting content features of music. Another automatic tag classiﬁcation of
music was found to be improved in [31] by using the Music Information Retrieval
Evaluation eXchange2 datasets. An example of these datasets is majorminer.org,
which is created through its own music labeling game. The goal of the game is to
label music with words that people agree on. Several games with a purpose exist
for annotating music, such as Listen Game and TagATune. The latter resulted in
the Magnatagatune dataset, which according to [31] contains 21642 songs annotated with 188 unique tags. These ﬁndings from music information retrieval can
be applied in this study for sound and video annotations.

3

Problem Statement and Contributions

The identiﬁed problem is that multimedia annotations are sparse, homogeneous,
do not represent everything that can be heard or seen. Furthermore, crowdsourcing tasks are designed to stimulate agreement, while an open-ended approach is
necessary to capture the full spectrum of subjectivity in human interpretations.
Here it does not matter whether these are subjective or objective annotations,
as they are both relevant interpretations. Based on this, the main research questions is: Are open-ended crowdsourcing tasks a feasible method for capturing the
2
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interpretation space of multimedia? In order to answer this, we need to investigate how to evaluate the quality of the results, how to eﬃciently design such
tasks and how this can solve the growing need for improved classiﬁcation and
semantic understanding of the content of multimedia.
1. The ﬁrst step is to assess the quality of annotations captured using openended tasks. This is done under the hypothesis that open-ended tasks contribute to a larger interpretation space than closed tasks. The question to be
answered is: How can the quality of results of open-ended tasks be measured?
In order to answer this, the following sub questions are asked:
– How can crowdsourcing quality measures be improved for open-ended
crowdsourcing tasks which have no clear answer? The quality of openended tasks has shown to be more diﬃcult to measure because these tasks
can be highly subjective [21].
– How can the conﬁdence that people performing crowdsourcing tasks have
in their answers be measured? With a multitude of answers that people
provide, it is expected that they are more conﬁdent in some answers than
others.
2. The second step is to assess the design of open-ended tasks for gathering large
interpretation spaces. This is done under the hypothesis that design features
such as pre-selected answers or visual clues have a positive eﬀect on the
eﬃciency of open-ended crowdsourcing tasks while maintaining the openness
of the task. The research question asked is: Can open-ended crowdsourcing
tasks eﬃciently generate reliable ground-truth data? This is investigated using
the following sub questions:
– How can constraints be used in open-ended tasks to improve the detection
of low quality results? By constraining the tasks, the results may be able
to be validated better.
– How can existing automated feature extraction methods be used to optimize the use of the crowdsourcing tasks?
– How can the threshold be measured for gaining a clear distribution of
answers? If the interpretation space is unknown, a measure has to indicate
when there is a clear distribution.
3. The third step is to assess the usability of the captured interpretation spaces.
The hypothesis is that a larger interpretation space generated through openended tasks results in improved descriptions of the content, which lead to
better search and discovery of the multimedia. The research question is: How
can a ground truth with a large interpretation space of what can be heard or
seen in multimedia improve their search and discovery?
– How can the annotated human interpretation space of multimedia be combined with the context and content factors of both the entity and user
which inﬂuence the human perception?
– Can the novel ground truth data improve the indexing of multimedia on
existing platforms? By analyzing the ground truth improvements, we can
measure if and how the quality of search results can be improved.
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The main contribution of this paper is to investigate how open-ended crowdsourcing tasks can be used for gathering training data on things for which the
interpretation space is unknown. Because it is unclear what the classiﬁcations
are, designing crowdsourcing tasks becomes more diﬃcult. The results should
lead to more eﬃcient crowdsourcing tasks resulting in higher quality representations of what can be heard in a sound or seen in a video. This will lead towards
systems that have a more human friendly interaction through improved search
and discovery of multi-representational entities.

4

Research Methodology and Approach

First, the quality of annotations captured through open-ended tasks has to be
evaluated. In order to test this experiments will be performed with diﬀerent
open and closed approaches that represent diﬀerent gradations of constraints.
The least constrained design is free-text input The results will be evaluated using
the CrowdTruth disagreement-based metrics [10] by transforming the annotated
answers into a vector space representation. This allows for the evaluation of the
quality of the annotations, the task, and the people performing annotations [32].
The metrics will have to be improved for these open-ended tasks in order to
support interpretation spaces for which the size is unknown. As a result the
vector space representation may be inﬁnite, but an estimation of its size may be
possible to deal with the unknown dimensions. The conﬁdence people have in
their answers can be tested through several approaches such as asking people to
order their answers by level of conﬁdence or using peer-reviews as done in [19].
This can then be compared to measures such as time spent on the task, the
amount of times listened to a sound or video and the order the annotations were
made in.
The second step of the approach is to ﬁnd the optimal design of open-ended
tasks for gathering large interpretation spaces. The task should have a clear
design to avoid misunderstandings [18], but several features such as free text
input, auto-completion or gamiﬁcation can be used to reach the most eﬃcient
task in terms of total cost and time spent to complete it. Another method is
to present an answer choice of pre-deﬁned probable answers, but allow users
to add more options. This can be extended by showing the options other users
have added. By adding constraints to the open-ended tasks, the detection of
low quality workers can be improved. This can again be done by testing and
comparing features that are normally present in closed tasks. For instance a
two-step task like presented in [6], where the user is allowed to provide selfcontradicting answers. This has proven a useful measure, but requires at least
two steps.
Another method of optimizing the tasks is by using automated feature extraction. Several studies have shown that high level descriptions such as abstract can
be extracted [30,31]. By giving predeﬁned descriptions through distant supervision, the annotator is forced to focus on making low-level annotations. Experiments have to show whether this approach works and does not bias the users
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into providing only high level descriptions that are similar to the predeﬁned
descriptions. Finally, an experiment has to be performed to compare measurements that indicate when there is a clear distribution of answers. In other words:
how do you know when you have enough annotations?
For instance, short clear sounds may need less descriptions than long ambiguous sounds. This means that instead of requiring a ﬁxed number of annotators,
it can be dynamic depending on the complexity or ambiguity of the thing to
annotate. This can not only help save cost by reducing the amount of needed
annotations, but also increases the captured annotations for the most ambiguous
examples. Content descriptive features such as length, pitch and melody can be
extracted can be tested for determining the optimal threshold.
The third step in the approach is to test the usefulness of the captured
interpretations. First, the annotations of sounds and videos are placed within
the context and content the users and items. For instance, some annotations may
describe sound content while other describe the context, which can be categorized
following the research described in [29]. Combining the diﬀerent factors with the
context and content of the user is expected to improve the performance of search
results. These are to be further investigated by testing whether the indexing
of sounds with the ground truth built through crowdsourcing in this research
improves the results. This requires an information retrieval evaluation that can
be performed using measures such as precision and recall and by assessing users.

5

Preliminary or Intermediate Results

In [6] we describe our initial work on crowdsourcing semantic interpretations for
open-domain questions answering. The goal of this study was to gather training
data on open-domain questions for IBM Watson, as part of the Crowd-Watson
collaboration between IBM Research and the VU University Amsterdam. The
problem with open-domain questions is that it is diﬃcult to deﬁne who experts
are, and both the question and the answer can be highly ambiguous. For Watson
to better understand why a text passage justiﬁes the answer to a question,
we used multiple crowdsourcing tasks to map question and answer pairs and
disambiguate terms. The results showed that CrowdTruth is an eﬃcient approach
for gathering ground truth data on open-domain questions that can have multiple
interpretations and answers. By designing the crowdsourcing tasks with limited
constraints, we found that self-contradicting answers were an eﬀective measure
for identifying low quality annotations.
In [14] we describe and publish the VU sound corpus3 , which is a continuation on the work of [33]. The gathered corpus consists of ﬁne-grained annotations of 2000 short sound eﬀects in the Freesound database4 . The annotations
were obtained through a simple free-text input form, where per sound 10 crowd
workers were asked to describe with keywords what they heard in a given sound.
Due to the open-ended design of the task there was high disagreement between
3
4
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the annotators, which increased the diﬃculty of detecting low quality results.
The perspectives of crowd annotators proved to be important, because there
was a large distinction in descriptions made by the author of a sound and the
crowd. These descriptions are essential for having eﬀective search and discovery
of sounds.

6

Evaluation Plan

The approach presented in the previous chapter is assessed through the three
hypotheses and associated research questions. The ﬁrst evaluation is the quality
of the gathered crowdsourcing annotations. The use of open-ended tasks should
result in a larger interpretation space than if closed tasks were used. The second evaluation is of the design of the open-ended tasks. Alternating between
diﬀerent features should conclude which features result in a higher quality of
results. Furthermore, the quality of the task can be evaluated through the cost
and time of the crowdsourcing task to complete. The third evaluation is of the
performance of the captured interpretations, which can be measured through
precision and recall and by assessing users. This will show the eﬀectiveness of
the larger interpretation space of sounds.

7

Conclusions

Information systems should always have a semantic understanding of their content. This is exempliﬁed in this study through sounds and videos, because their
annotations are sparse and homogeneous. Furthermore, there is a semantic gap
between the available descriptions and what can be heard or seen in those sounds
and videos. The existing approaches can be improved because they stimulate
agreement between annotators or do not deal with the fact that the interpretation space is unknown.
This study aims to investigate how open-ended crowdsourcing tasks and
disagreement-based metrics can be used to capture the complete human interpretation space of multimedia. The approach is to ﬁrst investigate how the quality
of results for open-ended crowdsourcing tasks can be measured. Next, the design
of these open-ended tasks is assessed for gathering large interpretation spaces,
and their usability for improving the search and discovery of multimedia. The
preliminary experiments have shown that the approach cam be feasible, but
evaluation through applying the ground truth is necessary.
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