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Abstract Music frequently occurs as an important rein-
forcing and meaning-creating element in multimodal human
experiences. This way, cross-modal connotative associations
are established, which are actively exploited in professional
multimedia productions. A lay user who wants to use music
in a similar way may have a result in mind, but may lack
the right musical vocabulary to express the corresponding
information need. However, if the connotative associations
between music and visual narrative are strong enough, char-
acterizations of music in terms of a narrative multimedia
context can be envisioned. In this article, we present the out-
comes of a user study considering this problem. Through a
survey for which respondents were recruited via crowdsourc-
ing methods, we solicited descriptions of cinematic situations
for which fragments of royalty-free production music would
be suitable soundtracks. As we will show, these descriptions
can reliably be recognized by other respondents as belong-
ing to the music fragments that triggered them. We do not
fix any description vocabulary beforehand, but rather give
respondents a lot of freedom to express their associations.
From these free descriptions, common narrative elements
emerge that can be generalized in terms of event structure.
The insights gained this way can be used to inform new con-
ceptual foundations for supervised methods, and to provide
new perspectives on meaningful and multimedia context-
aware querying, retrieval and analysis.
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1 Introduction

Music is used in different ways. Besides serving active
listening purposes, it can function as background entertain-
ment alongside everyday human activities. Next to this, it also
frequently occurs as an important reinforcing and meaning-
creating element in multimodal human experiences. Many
social occasions, ranging from parties to more ceremonial
events such as weddings and funerals, would not be the
same without music. In many digital audiovisual produc-
tions, music plays an essential role as well, being exploited
for setting the atmosphere of a visual scene, characterizing
key characters in a scene, implying situations that are not
directly visible to the audience, and much more.

In the present-day Web era, creating and sharing such pro-
ductions is no longer the exclusive privilege of professional
creators, as can be seen from the continuously rising usage
numbers of video sharing sites such as YouTube1. Everyday
users are increasingly interested in capturing personally sig-
nificant situations they encounter on the go, and in sharing
these with a world-wide audience. Especially if the captured
video material would be of low quality, a fitting music sound-
track can greatly impact and clarify the video’s significance
(see Fig. 1 for an example).

1.1 Connotative associations in multimedia contexts

In both the cases of enriching real-life social occasions, as
well as influencing the message of a digital audiovisual pro-
duction, music will not be considered in the form of isolated
songs. Instead, it is placed in a context that is not necessar-
ily musical itself. The context may be time-dependent, and

1 http://www.youtube.com/t/press_statistics, accessed December 13,
2012.
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Fig. 1 Certain social events have grown to imply certain types of music
and vice versa. This can be exploited to clarify the message of multi-
media productions

is composed of multimodal information: information which
is relevant to different parts of the human sensory system.
When music is placed in this context, a situation arises in
which a combination of information in different modalities
and formats provides added value in comparison to the orig-
inal context. In other words, music will now be part of a
multimedia context.

The added value that music provides to a context can work
in a cross-modal way, in which information relevant to one
part of the human system, such as the auditory channel, influ-
ences the perception of information relevant to another part of
this system, such as the visual channel. In terms of meaning
and significance, under these circumstances, music can have
influence outside its own domain. As soon as this becomes
conventional, a non-musical context may directly get asso-
ciated with specific types or properties of music, and vice
versa. For example, a bugle call typically has grown to evoke
militaristic images, while a lullaby rather evokes images of
infants. This way, outside of denotative meaning dealing with
purely musical properties, music also gets a referential con-
notative meaning layer [29].

Indeed, in multimedia productions, cross-modal connota-
tive effects and associations are heavily exploited. Since the
early years of the moving picture, multimedia profession-
als have been trained to analyze the techniques to achieve
this [17,26], and to actively exploit these themselves when
creating their own productions [20,34].

Due to exposure in daily life and mass media, non-
professional lay users may be capable of recognizing
prototypical associations between music and contextual
information in other modalities as well. While it is unre-
alistic to assume that these users are capable of describing
their musical information needs for a desired non-musical

context in terms of musical or signal characteristics, it is
likely that they can indicate high-level characteristics of the
envisioned multimedia result. In fact, since low-level signal
properties cannot cover all aspects of meaningful associa-
tions, and since the optimal musical match will differ per
case, it would even be more realistic to describe an infor-
mation need in terms of the envisioned multimedia result,
rather than in terms of purely musical characteristics. This
point is illustrated in Fig. 2: based on low-level timbral fea-
ture properties, it would be hard to distinguish between the
three displayed songs (e.g., they all contain trumpets and per-
cussion). However, the associations triggered by the songs
are very different. The narrative context of the user query
influences the relevance of these associations. For example,
‘Duel of the Fates’ would be the most appropriate match if
the user envisions an epic battle scene. On the other hand,
if the user would wish to show the rivalry between his pets
in a funny or ironic way, the Wedding March could actually
become a more suitable match.

1.2 Contributions and outline

In this article, we take a novel approach to multime-
dia context-oriented annotation. Focusing on production
use cases, we investigate the feasibility of characterizing
music via high-level descriptions of its context and intended
use (envisioned multimedia results that fit to it) rather
than in terms of modality-specific content (musical fea-
ture descriptors). We do not assume the annotation vocab-
ulary to be known beforehand. Instead, we solicit free-form
text responses for our survey, giving full control over the
annotation vocabulary and its typical usage to the survey
respondents, and inferring the characteristics of the vocabu-
lary and its usage only after the responses are received.

The results of our work push the music and multimedia
information retrieval fields forward in two ways:

– As we show, contextual multimedia scene descriptions
can reliably be matched to the music fragments that
triggered them. This opens entirely new perspectives on
cross-modal connotative annotation and querying strate-
gies.

– The conceptual levels at which descriptions are gener-
alizable, as well as the self-reported reasons for giving
the descriptions, provide insights into criteria that caused
cross-modal connotative associations to emerge. These
can inform the design and realization of supervised auto-
mated methods and ground truth at the multimedia signal
data level, such that practical systems can be realized that
take these associations into account.

This article is structured as follows. We start with giving
an overview of related work in Sect. 2. We then present our
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Fig. 2 An example of potential
connotative meaning-formation
in the intended multimedia
production use case. We have a
user video and three potential
soundtrack candidates, for
which several possible meaning
associations are indicated with
dashed lines. Due to these
associations, the choice of
soundtrack will influence a
user’s interpretation of the
resulting multimedia scene

experimental setup in Sect. 3. We proceed by describing sta-
tistics related to the crowdsourcing mechanisms in Sect. 4.
Section 5 analyzes the results of a task testing the recog-
nizability of correspondences between multimedia descrip-
tions and the music fragments that triggered them. Section 6
focuses on the analysis of the obtained free-form text survey
responses, investigating which narrative elements emerge
and at which conceptual levels descriptions are generalizable.
Finally, Sect. 7 provides a conclusion and outlook to follow-
up opportunities to our findings in the music and multimedia
information retrieval fields.

2 Related work

Our work in this article is an exploratory user study. In the
music information retrieval (Music-IR) domain, the impor-
tance of user-centered versus system-centered approaches
has attracted attention for several years [9,24], although
actual adoption of user-centered approaches still is rare.
Recent overviews on the types of user studies that have been
conducted in the field and their impact can be found in Weigl
and Guastavino [44] and Lee and Cunningham [23]. Most of
the few existing Music-IR user studies have been focused on
information needs, search strategies, and query analysis top-
ics (e.g., [8,10,22]). In our case, while our work ultimately
relates to search and retrieval, we will first and foremost con-
sider a scenario of data description.

In terms of the domain under study, the work of Inskip
et al. [14,15], dealing with discourse in search and usage of
pre-existing commercial music, is close. However, this work
has been focusing on professional stakeholders only and was

more oriented towards identifying typical language usage in
decision-making and the production pipeline.

Looking at previous data description work, well-known
human-tagged Music-IR datasets such as CAL500 [40] and
MagnaTagATune [21] strongly focused at having the tag
annotations satisfying inter-annotator agreement criteria, but
did not explicitly analyze user motivations behind the result-
ing annotations. Only very recently, work by Lee et al. [24]
appeared in which the rationale behind assigned musical
mood labels was investigated more deeply. In all these cases,
music is treated as an isolated information source, not exceed-
ing the earlier-mentioned idea of pleasant background diver-
sion accompanying everyday human activities.

The notion of music in context has been emergent in recent
years. Schedl and Knees [35] mention cultural context infor-
mation, but this context information (such as web pages
on performing artists) once again remains largely oriented
towards the idea of music in an isolated or accompaniment
function. Kaminskas and Ricci [18] give an overview of work
in different categories of music context, including multime-
dia. These approaches are strongly data-driven, while deeper
insights into the underlying mechanisms establishing context
would be desirable.

Recent work considering cross-modal relations between
music and contextual, external information includes Refs. [4,
11,19,25,38]. These either fix the cross-modal association
domain to be purely affective, or directly match signal fea-
tures in different modalities to each other. In our work, we will
adopt the view from Refs. [19,38] on cinema as prototypical
multimedia form. However, we want to look beyond pure sig-
nals and fixed domains, at semiotics rather than semantics,
and connotation rather than denotation. Ideas on semiotic
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hypermedia and multimedia have been pioneered in [6,30]. A
recent rare work on connotation was done by Benini et al. [3],
in which annotations in a connotative space was shown to
produce higher user agreement than emotional label tagging.

Semiotic aspects have been a topic of interest in the field
of musicology for several decades, one of the first pioneers
being Nattiez [31]. While Nattiez argues that music lacks the
communicative power to picture concrete events, it still is
capable of suggesting general outlines of these events. In an
experiment very similar to the way we will set up our descrip-
tion survey, Nattiez played a piece of classical symphonic
program music to secondary school students, asking them to
describe the story the piece was telling. While the original
program of the piece did not appear, certain categories of
stories clearly occurred more frequently than others. In addi-
tion, the study showed that not all elements of formal musical
structure were being connected to stories, and that less rel-
evant events in relation to the musical argumentation (e.g.,
a final chord) are nonetheless being picked up as relevant to
the story descriptions.

An interesting aspect of present-day musicological
thought is that it has shifted away from absolutist, posi-
tivist views (assuming an objective truth ‘in the music data’)
towards subjective, contextual, and culturally specific aspects
of music [7], up to the point that ‘the music itself’ is nowadays
even considered a taboo concept [45]. Because of this view,
musicology has strongly been studying contextual topics in
which music plays a more significant role than mere accom-
paniment. Film music and mass media studies also have been
a long-time interest in the field. A very useful categoriza-
tion of film music functions has been made by Lissa [26],
mentioning that music in film can be used to indicate move-
ment, stylize real sounds, represent space, represent time,
communicate meaning through deformation of sound, pro-
vide a commentary external to the narrative, serve as music
within the narrative, indicate psychology of actors, provide
a source of empathy, function as a symbol, anticipate action,
and serve as a formal unifying factor.

Influenced by Lissa, Tagg [39] proposed a sign typology
for music involving sonic, kinetic, and tactile anaphones
(sounds that were metaphorical for sonic, kinetic, and tac-
tile sensory qualities), genre synecdoche, in which a small
glimpse of an exotic genre will evoke the full exotic con-
text, episodic markers announcing musical episode transi-
tions, and style indicators. In [39], Tagg and Clarida also
report findings from a decade-long study, in which associ-
ation responses to ten different well-known theme and title
songs were collected and categorized. Major differences with
our approach are that immediate, very short associations were
sought (respondents only had a few seconds to write these
down) while we solicit more elaborate user input.

Following our vision of free-form text descriptions of mul-
timedia productions, the results will be text descriptions of

visual narratives, needing to be analyzed in terms of narrative
structure [1,2,5]. In our analyses, we will adopt a simple, pre-
theoretical, and widely-accepted dictionary definition of a
narrative as “a spoken or written account of connected events;
a story” [36]. This definition motivates us to take events as
basic building blocks of a narrative, and turn to event theory
for a basic typology of events as they are most naturally con-
ceptualized in human semantic systems. More specifically,
we will build upon the work of Vendler [42] regarding the
structure of events in terms of classes of verbs. Four classes
are differentiated on the basis of temporal structure: states
have no internal structure, activities involve internal change
but no endpoint, achievements involve an instantaneous cul-
mination or endpoint and accomplishments involve a build up
period, and then a culmination. Collectively these classes are
referred to as event classes. A basic distinction can be made
between culminating events (achievements and accomplish-
ments) and non-culminating events (states and processes).

Our chosen methodology for soliciting user responses
is that of crowdsourcing, an approach which is currently
emerging in the Music-IR field, a.o. in [24,27,41]. In mul-
timedia information retrieval, previous crowdsourcing work
typically focuses on collecting annotations describing the
explicitly depicted content of multimedia. For example,
Nowak and Rüger [32] employ crowdsourcing to collect
information about images and focus on labels for visual con-
cepts. Such a task targets collecting ‘objective’ annotations,
which can be considered correct or incorrect, independent of
the personal view of the annotator. In contrast, in this work we
use crowdsourcing to carry out a highly open-ended and cre-
ative task for which no independent gold standard can be con-
sidered to exist. In this way, we take a step beyond the work
of Soleymani and Larson [37], in which larger tasks than
microtasks were already experimented with and reported on,
and Vliegendhart et al. [43], in which crowdsourcing tasks
requiring a high imaginative load were supported. Because
we are interested in eliciting associations made by humans,
our use of crowdsourcing also shares commonalities with
its use for behavioral studies, as discussed by Mason and
Suri [28].

3 Experimental setup

3.1 Infrastructure: Amazon Mechanical Turk

The user studies presented in this article were conducted
using the infrastructure of the Amazon Mechanical Turk2

(AMT) crowdsourcing platform. AMT is an online work mar-
ketplace on which requesters can post Human Intelligence
Tasks (HITs), which can be taken up by workers. Each HIT

2 http://www.mturk.com, accessed December 13, 2012.
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Fig. 3 Questions used for the cinematic scene description survey

typically is a microtask, soliciting a small amount of human
effort in order to be solved, and yielding a small amount
of payment to a worker who successfully completes it. Our
choice for this platform is a.o. supported by findings in pre-
vious work by Paolacci et al. [33], in which experiments
in the area of human judgment and decision-making were
performed both on AMT and using traditional pools of sub-
jects, and no difference in the magnitude of the effects was
observed.

A requester designs a HIT template and separately speci-
fies the input data to be used with this. Furthermore, for one
HIT, a requester can release multiple assignments, requiring
that multiple different workers carry out the same task on
the same input data. HITs are typically released in batches,
grouping the assignments of multiple HITs with the same
template. This way, upon completing a HIT, a worker can
easily proceed to taking up another HIT of the same type, but
with other input data. All completed work has to be reviewed
by the requester and approved.

If a worker did not complete a task in a satisfactory way,
the requester may reject the work and repost the task. A
requester can limit the access to HITs by imposing require-
ments on the worker’s status. Besides requirements based on
general worker properties, such as a worker’s approval rate
on earlier tasks of the requester, a requester can also man-
age the access to HITs by soliciting and handing out custom
qualifications to workers.

In the following two subsections, we will present the core
of a description survey and a subsequent music ranking task
on which the work in this article is based. After this, we
proceed by describing the data that were used for our exper-
iments, and specifying our task runs in more detail.

3.2 Cinematic scene description survey

As the basis for the work reported in this article, a HIT tem-
plate was designed for a survey. With the survey, we wanted
to identify suitability criteria for connections between music
and narrative videos, described in spontaneous, rich, and
intuitive ways. Therefore, we asked survey respondents to
describe an idealized cinematic situation, for which a given
music fragment would fit as a soundtrack. The choice for the
cinema genre was made, since cinematic scenes are con-
sidered to be a prototypical case in which music sound-
tracks and visual scenes are connected and jointly create new
connotative meaning. Besides, cinematic scenes are works of
fiction, and thus allow for unlimited creative freedom in their
conception. In order to help respondents in elaborating on
their ideas, and facilitate later analysis, the solicited descrip-
tion was broken down into separate free-form text questions
related to the scene, its characters, and its setting. The full
breakdown of all questions of the survey, together with the
examples and instructions that accompanied them, are shown
in Fig. 3.
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Fig. 4 Excerpt from the music ranking HIT template

While our description survey has similarities to the ear-
lier cited work of Nattiez [31], the types of solicited descrip-
tions differ fundamentally. In the case of Nattiez, the solicited
description can be considered a direct visualization or expla-
nation of the music. In our case, we assume the opposite
case: the music explains the described cinematic situation.
In terms of a causal relationship, the description is the cause
and the music the effect, which is common practice in the
musical scoring of cinematic productions [34].

3.3 Music ranking task

Ultimately, we want to place the work of this article in a mul-
timedia Music-IR context. Because of this, it is important to
not just solicit descriptions for music fragments, but also
verify if music fragments can be realistically recognized and
retrieved based on the same type of descriptions. To this end,
next to the previously described survey, we designed a HIT
in which a cinematic scene description that had been previ-
ously supplied would be given to a worker. The worker would
then be asked to rank and rate three given music fragments
according to their fit to the given description. A screenshot
of part of the corresponding HIT template is given in Fig. 4.

The description was presented in the original breakdown
form as presented in the previous subsection, e.g., separating
key character and location descriptions from overall scene
descriptions. We only omitted the field in which the original
describer explained why he chose the particular scene that
was described.

After the given cinematic description, the worker was pro-
vided with three music fragments. These fragments were a
randomly ordered triplet, out of which one song was the
music fragment that had originally triggered the description
(from now on indicated as the ‘stimulus fragment’). The other
two fragments were randomly chosen without replacement
from a large royalty-free production music database, which
will be described in more detail in Sect. 3.4. The task of the
worker was to rank the three fragments according to their fit

to the given description. This was done both through explicit
indication of the rank positions, as well as through ratings of
the perceived fit of each fragment on a 5-point scale. Finally,
the worker had to give an explanation for the given ratings.
The input has some redundancy: from the 5-point ratings, a
ranking can be devised already. However, this redundancy
was conscious and served to ensure answer robustness.

3.4 Data

A music dataset was created with 1,086 songs from three
royalty-free production music websites3. Royalty-free music
has the advantage of being legally playable on the Web
and reusable; production music has the advantage of having
explicitly been written to be used in multimedia contexts.

To prevent listener fatigue, we only consider dataset items
with durations between 30 s and 5 min for our task runs. We
chose not to further standardize the fragments lengths, since
this would require alterations modifying the original musical
discourse. The exact number of songs used differed per task,
and will be explained in the following subsection.

3.5 Task run specifications

With the tasks described in Sects. 3.2 and 3.3 as basis, we
performed several batches of experimental runs: (1) an initial
description survey run, (2) a description HIT run yielding
qualifications for follow-up HITS, (3) a follow-up description
HIT run, and (4) a follow-up music ranking HIT run.

3.5.1 Initial survey run

The first released version of our description survey was
more extensive than our outline of Sect. 3.2: apart from a
description of a cinematic situation, respondents also had to

3 http://www.incompetech.com (Kevin MacLeod), http://www.
danosongs.com (Dan-O) and http://derekaudette.ottawaarts.com/
index2.php (Derek R. Audette), accessed December 13, 2012.
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describe a real-life situation they once experienced to which
the music fragment would fit. Furthermore, basic demo-
graphic information was asked [gender, age, country, level
of (music) education and frequencies of listening to music,
watching web videos, and watching movies]. Finally, since
the solicited real-life situation description could be privacy-
sensitive, respondents had to explicitly permit the reuse and
quoting of their responses.

As the survey was expected to require a much longer
completion time (over 15 min) than a regular AMT HIT,
we, at first, were concerned about releasing it as such, and
instead put up a HIT batch in the AMT Sandbox environment.
This would allow us to benefit from the AMT infrastructure,
but to handle the recruitment of respondents ourselves. A
call for survey participation was disseminated intensively:
through a snowball procedure, professional and personal con-
tacts were written and asked to propagate the message by
forwarding the message to their own (inter)national profes-
sional and personal contacts. Next to this, paper flyers and
announcements were distributed on-campus in The Nether-
lands, and announcements were placed on six different web
forum communities in which role-playing was strongly fea-
tured. Through this, a large and demographically diverse
audience was quickly reached.

While our dissemination strategy reached hundreds of
people, the actual uptake was not as large as we expected.
Multiple contacts forwarded our call, but did not feel obliged
or eligible to complete a survey themselves. In addition,
unfamiliarity with the AMT platform made several poten-
tial respondents reluctant to set up a login account. Upon
receiving this feedback, we offered interested people the pos-
sibility of using a lab-created account which would be fully
independent of their personal information.

For the task, we put up surveys for 200 music fragments
meeting the specifications given in Sect. 3.4, with three
assignments per fragment. After 20 days, 65 completed sur-
veys had been received, from respondents from 13 different
countries, on 57 unique music fragments4. We had reuse per-
mission of input for 55 of these fragments.

Judging from the responses, respondents found it very
hard to envision and describe real-life situation descriptions,
but rarely had problems to do this for cinematic scenes. For
this reason, in follow-up runs of the survey we did not focus
on the real-life situation anymore.

3.5.2 Qualification run

Following the experiences above, we moved to the regular
AMT platform after all. At first, we piloted a HIT following

4 Upon the release of a HIT batch, the AMT platform randomizes the
order in which assignments are presented to workers, regardless of how
many assignments already have been completed for a given HIT.

the specifications of Sect. 3.2; in addition, the same demo-
graphic information as described in Sect. 3.5.1 was asked.
Any worker with a HIT Approval rate of at least 0.9 could per-
form the task. The reward for successfully completed HITs
was $0.09.

We first piloted a HIT task for one song (‘Exciting Trailer’
by Kevin MacLeod, which was not used in the initial sur-
vey), intended to run continuously for several days to harvest
as many responses as possible. Therefore, 150 assignments
were released for the HIT. Within a few days, it became clear
the uptake was much larger than in the case of our initial sur-
vey run (more information on this will follow in Sect. 4). Sev-
eral workers indicated that they had not seen a task like ours
before on AMT, but despite the longer required working time
and the creative load of the task they indicated to enjoy doing
the task. Following this enthusiastic response, we released
similar HITs for two more songs that were not used in our
initial survey: ‘Mer Bleue Boogie’ by Derek R. Audette and
‘Origo Vitae’ by Dan-O. Once again, these had 150 assign-
ments each, and were intended as opportunities for harvesting
many responses for the same song.

Any completed HIT for which the free-form text responses
were at a sufficient level of English, and for which there were
indications that the music fragment had a relation to the given
scene description (as opposed to answers in which workers
just described their favorite actors or movie scenes), would
grant the corresponding worker a qualification for a follow-
up HIT batch: either another description batch as detailed in
Sect. 3.5.3, or a batch of the ranking task detailed in Sect.
3.5.4.

In total, qualifications were granted to 158 workers. Upon
earning a qualification, a worker was e-mailed with a notifi-
cation. Workers were distributed over batches such that the
demographics distributions in all batches would be similar.
Qualifications were granted such that a worker would not be
able to work on more than one batch at the same time. If the
batch to which a worker was assigned finished without the
worker having worked on it, he was reassigned to another
open batch and notified.

3.5.3 Description task

The qualification-requiring description HIT followed Sect.
3.2 and Fig. 3 exactly. Workers received $0.19 per succes-
fully completed HIT. Input data consisted of the 55 fragments
which were described in our initial survey run, and for which
reuse and quoting permission have been granted. Due to a
technical issue, the results for one music fragment had to be
invalidated after finalization of the batch, causing 54 remain-
ing music fragments to be considered in our further analysis
in Sect. 6. Per HIT, three assignments were released. How-
ever, some songs would ultimately get four different descrip-
tions out of this HIT, due to the re-release of a small number of
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assignments to a motivated worker who had an audio player
incompatibility problem.

3.5.4 Ranking task

The music ranking HITs exactly followed the specification
given in Sect. 3.5.4. Once again, workers received $0.19 per
succesfully completed HIT. For the cinematic scene descrip-
tions for which a worker should rank three music fragments
according to their fit, we used descriptions for the 55 frag-
ments for which reuse and quoting permission have been
granted in our initial survey run. Due to the same technical
issue as mentioned in Sect. 3.5.3, the results for one music
fragment had to be invalidated after finalization of the batch,
causing 54 remaining music fragments to be considered in
our further analysis in Sect. 5.

In comparison to the original survey answers, a few
minor clean-up changes were made. First, answers that had
been given in Dutch (which was allowed for our initial sur-
vey, for which recruiting started in The Netherlands) were
translated to English. Second, basic spelling correction was
performed on the answers. Finally, we removed concrete
music timestamp references from descriptions (“The begin-
ning (0–33 s): Big overview shots of the protagonist”), to
avoid the HIT becoming a timestamp matching task.

The two other fragments to offer with the stimulus frag-
ment were randomly chosen without replacement from our
production music database, only considering fragments with
a duration between 30 s and 5 min that had not been used
already in our other HIT batches. We released this HIT in
three separate batches, each requiring a different qualifica-
tion to keep the worker pools mutually exclusive, with three

assignments per HIT. This choice for multiple batches had
two reasons: first, having multiple isolated batches ensures a
larger minimum number of required workers (in this case, it
meant that 3 × 3 workers were needed per provided descrip-
tion). Second, since we generated different triplets for each
batch, a stimulus fragment would ultimately be compared
against 3 × 2 = 6 random fragments.

4 Crowdsourcing statistics

General crowdsourcing statistics for all previously described
task runs are shown in Tables 1 and 2. As can be seen in these
tables, for almost every task run a few HITs were rejected. For
our description tasks (initial survey, qualification task, and
qualification-requiring description task), we rejected assign-
ments with blank or nonsense responses in the free-form text
fields. For the music ranking batches, we rejected assign-
ments with blank or nonsense motivations for the chosen
ranks and ratings. In all cases, rejected assignments were
republished for other workers to complete.

For the batches run on the formal AMT platform, only
three workers (two in Batch A of the ranking task and one
in the description task) were found to challenge the system
by consistently copying over a few uninformative answers
as assignment responses. In other cases, rejections involved
incomplete responses that largely appeared to have resulted
from unintentional human error, since the workers causing
them typically performed well on other assignments. It is
striking to note that the largest absolute number of rejected
assignments occurred in our initial survey run. As it turned
out, these assignments were performed by a small number of
respondents who did not grasp the importance of providing a

Table 1 Statistics for the initial and qualification survey tasks

Running
time
(days)

No. of
workers

Average
worker
age

No. of
approved
assignments

No. of
rejected
assignments

No. of
qualifications
granted

Median completion
time (approved only)

Initial run 20 49 32.6 65 23 N/A 19 min 48 s

Qual. ‘Exciting Trailer’ 15 133 27.8 130 3 108 9 min 16 s

Qual. ‘Mer Bleue Boogie’ 11 58 26.7 55 3 40 9 min 54 s

Qual. ‘Origo Vitae’ 11 65 26.6 63 2 47 7 min 52 s

Table 2 Statistics for the qualification-requiring follow-up tasks

Running time
(until completion)

No. of
qualified
workers

No. of actual
workers

No. of
approved
assignments

No. of
rejected
assignments

Median completion
time (approved only)

Ranking Batch A 10 days 15 h 10 min 43 11 (25.6 %) 165 20 7 min 33 s

Ranking Batch B 3 days 8 h 4 min 31 12 (38.7 %) 165 7 4 min 42 s

Ranking Batch C 1 days 1 h 53 min 21 12 (57.1 %) 165 0 3 min 50 s

Description 10 days 5 h 5 min 89 32 (36.4 %) 173 18 8 min 23 s
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Fig. 5 HIT effort distribution for the original survey and qualification-
requiring description tasks. The horizontal axis represents the rank of
workers, when sorted by the number of successfully completed HITs

Fig. 6 HIT effort distribution for the three ranking task batches. The
horizontal axis represents the rank of workers, when sorted by the num-
ber of successfully completed HITs

complete response, leaving all free-form text questions blank
because they found them too hard to answer.

Selective worker behavior regarding input data can be
noted in Table 1 in the number of approved assignments. Out
of the three possible qualification music fragments, ‘Excit-
ing Trailer’ received more than twice as many responses as
the other two fragments. This cannot be fully explained by
the longer running time of the fragment’s HIT, and may have
been due to a general preference for this fragment.

From Table 2, insight can be obtained in the return rate of
qualified workers. As can be seen, while many workers indi-
cated they very much liked their qualification HIT, this did
not guarantee that they also returned to do more tasks. Our
found percentages of qualified workers that returned to per-
form more HITs are consistent with earlier reported results
in [37] and underline the need to accommodate for a substan-
tially larger pool of potential workers, if a certain minimum
worker pool size should be met in order for a HIT batch to
complete successfully.

Finally, information on effort distribution within batches
is shown in Figs. 5 and 6. For all tasks performed on the

regular AMT platform, it can be noted that most of the work is
performed by a relatively small amount of motivated workers.
This effect is the strongest for the music ranking batches,
which all had three highly active workers performing the
majority of available assignment tasks (although no single
worker managed to perform HITs for all the data in the batch).
The qualification-requiring description task required longer
completion times and more personal, creative input, which
makes it harder for a worker to build up an efficient routine
for this task. Indeed, the effort distribution curve for this task
as shown in Fig. 5 is much smoother than in the case of the
music ranking batches shown in Fig. 6.

5 Music ranking task results

In order to test the recognizability of stimulus fragments
given a cinematic description, our analysis will address two
questions:

1. To what extent are the provided rankings and ratings
consistent across workers?

2. Is the perceived fit to the description larger for the stim-
ulus fragment in comparison to random fragments?

5.1 Rating consistency

As a measure for inter-rater consistency in case of more
than two raters per item, the Fleiss kappa [12] is frequently
employed (in the Music-IR field this was, e.g., done in [16]).
However, to give a statistically valid result, the measure
assumes that different items are rated by different sets of
raters. For the AMT crowdsourcing setup, this assumption
will not hold, since one worker may work on as many assign-
ments as the number of HITs, thus causing large and unpre-
dictable variation in the rater distribution over different items.
This variation also makes it difficult to reasonably normalize
5-point scale rating scores per worker to prevent polarization
biases. In our analysis, we therefore will treat the given rat-
ings not only as absolute numbers, but also as indicators of
relative orderings.

In order to get a measure of rating consistency, we chose
to take a similar approach to Urbano et al. [41], in which
crowdsourced worker inter-agreement was measured based
on preference judgments for melody similarity. In preference
judgments HITs, a worker was provided with a melody and
two variations. The worker then had to indicate which of
the two variations was more similar to the given melody. If n
workers are assigned per HIT,

(n
2

)
worker pairs can be chosen

out of this worker pool.
For each pair, an agreement score was computed. If both

workers prefer the same item, two points are added to an
agreement score. If one of the workers indicated that both
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variations were equally (dis)similar to the melody, one point
is added to an agreement score. If the workers prefer different
items, the agreement score is not increased. The agreement
scores for all individual HITs are summed, and divided by
the maximum obtainable score of

(n
2

) × 2 × # HITs.
In our case, for every assignment in every HIT we con-

verted the three fragment ratings of a worker into an analogu-
ous form, by transforming them into

(3
2

)
pairs of orderings.

For example, if three fragment ratings are [5; 2; 3], we now
encode them as [5 > 2; 5 > 3; 2 < 3], reflecting their rela-
tive ordering rather than absolute rating values, which from a
retrieval perspective is reasonable. These are then turned into
agreement scores by comparing how pairs of workers judged
the relative ordering, in the same way as described above.

Out of the 3 batches × 54 fragments × 3 assignments ×
3 ratings per assignment = 1,458 ratings in total, 15 ratings
were missing in our data. Out of these, for 12 missing rat-
ings (0.82 % of the total), the workers had given sufficient
information via other input fields to clarify their view on the
fragments, showing the benefit of our redundancy mecha-
nisms. In three cases (0.21 %), a rating was missing due to
an audio loading issue.

Since our chosen technique to compute agreement scores
does not allow for such missing values, we applied a data
imputation procedure before performing the computation.
If the unrated fragment was indicated as the best fit, it got
the rating score of the second ranked item, regardless if the
worker indicated the first item to be a much better fit. Sim-
ilarly, if the unrated fragment was indicated as the second
best fit, it got the rating score of the worst ranked item. If
the unrated fragment was indicated as the worst fit, it got
the rating score of the second ranked item, regardless if the
worker indicated the worst item to be much worse than the
second ranked item. In case there was an audio problem,
the rating for the corresponding item would be −1, causing
the item to automatically be ranked last. This is a conserva-
tive approach, such that the results obtained on data to which
this policy is applied can be considered to be lower bounds
to the actual results. The agreement scores obtained for the
three batches are given in the first column of Table 3. As
can be seen, the scores indicate high agreement between the
workers regarding the ordering of fragments.

Table 3 Rating agreement score and rank attributions (in %) for the
stimulus fragments

Rating
agreement

Rank 1 Rank 2 Rank 3

Batch A 0.7346 83.33 10.49 6.17

Batch B 0.6934 69.14 22.22 8.64

Batch C 0.6317 72.84 14.81 12.35

Overall 0.6866 75.10 15.84 9.05

Fig. 7 Boxplots of the fragment fit ratings (without data imputation
on missing values) for the three HIT batches. For every batch, ratings
are plotted for the original stimulus fragment and the randomly chosen
fragments

5.2 Stimulus fragment versus random fragments

The agreement measure across rating orderings gives only an
indication of intra-rater ranking ordering behavior. In order
to verify whether the stimulus fragment actually is being
ranked higher than the random fragments it occurs with, we
consider the frequencies of rank occurrences for the stim-
ulus fragment. As shown in Table 3, in a large majority of
cases, the stimulus fragment is indeed ranked first for all
three batches. Looking across batches at the nine rankings
that are available for each song, there always are at least
three workers considering the stimulus fragment as the best
fitting fragment to a description.

Finally, to still consider the absolute rating numbers across
batches, boxplots for the ratings of the provided music triplets
in all three batches are shown in Fig. 7. These are provided
per batch, starting with a boxplot of the stimulus fragment,
and followed by a boxplot of the ratings obtained for the
randomly chosen songs. Here, we did not apply any data
imputation procedures, so missing rating values were omit-
ted. Applying the Kruskal–Wallis test to the ratings with a
subsequent Tukey–Kramer Honestly Significant Difference
Test, it turns out that at p < 0.05, the three stimulus fragment
groups differ significantly from the three random fragment
groups (p ≈ 0). Thus, it can be concluded that stimulus frag-
ments are rated differently from randomly chosen fragments,
and, as our measures regarding ordering and ranking showed,
that the stimulus fragments are clearly considered as better
fits to the description than the random fragments.

6 Common elements: analysis of description responses

We now arrive at the essential focus of our work: investigating
characteristics of the given contextual description responses.
Given the amount of individual freedom we granted for these
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descriptions, analyzing and identifying such characteristics is
not straightforward. Nonetheless, in this section we strive to
provide deeper insights into them by addressing three ques-
tions:

1. Do common narrative elements emerge for a certain song,
as soon as we receive a sufficient amount of contextual
descriptions for it?

2. What types of common narrative elements can be identi-
fied in general for this type of description?

3. Are users capable of indicating why they chose particular
scene descriptions for particular songs?

6.1 Many descriptions of the same music fragment

Through our qualification tasks, we acquired a relatively
large number of descriptions for several music fragments.
Word clouds for obtained scene and location descriptions for
the fragments are shown in Figs. 8 and 9. As can be seen,
for different fragments, there are different vocabularies and
common words. Looking at the full answers the following
generalizations and emerging categorizations can be made:

1. ‘Exciting Trailer’ (108 qualified responses) is a symphonic
piece for which the composer stated that “A militaristic
snare drum march begins this piece, reminiscent of East-
ern Europe during World War II”. The fragment gives the
majority of worker respondents a sense of preparation for
a situation involving power. In terms of actors, emerging
categories are fighters (26.85 %) and heroes (24.07 %). A
majority of respondents (64.81 %) situates the described
scene outdoors, and from the 44 respondents who went
as far as indicating a geographic location for the scene,
frequently mentioned regions are Europe (47.92 %) and
the USA (35.41 %).

2. ‘Mer Bleue Boogie’ (40 qualified responses) is a boogie-
woogie piano piece, described by its composer as “A
very up-tempo piano boogie. Heavy swing on this
one. It should have your toes tappin”’. To the worker
respondents, the fragment strongly evokes dancing/party
scenes. In terms of actors, the most frequently mentioned
categories are couples/duos (37.5 %) and sole male pro-
tagonists (20 %). A majority of respondents (65 %) sit-
uates the described scene indoors. It is striking that the
mentioned location categories are very strongly urban
(91.43 %), and out of the 14 respondents who went as
far as indicating a geographic location for the scene, 13
(92.86 %) situate the scene in the USA.

3. ‘Origo Vitae’ (47 qualified responses) was described
by its composer as being “mysterious and intense”. To
the worker respondents, it evokes mysterious, unknown
and sometimes unpleasant situations. The most fre-
quently mentioned actor category is that of adventurers

(a) ‘Exciting Trailer’

(b) ‘Mer Bleue Boogie’

(c) ‘Origo Vitae’

Fig. 8 Word clouds for qualification fragment scene descriptions by
qualified workers. Common English stop words were removed. In addi-
tion, the frequently occurring word ‘scene’ was removed from the word
clouds, since it never occurred as an element of the actual scene

(21.28 %). A majority of respondents (76.6 %) situates
the described scene outdoors. In relative terms, this
fragment evoked the largest number of geographic area
responses (31 respondents), with 15 (49.38 %) of the
respondents situating the scene in the Middle East.

6.2 Generalizing over more fragments: event structure

Already from the responses to our initial survey, we noted
apparent agreement between respondents at the level of lin-
guistic event structures. In particular, we identified four
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(a) ‘Exciting Trailer’

(b) ‘Mer Bleue Boogie’

(c) ‘Origo Vitae’

Fig. 9 Word clouds for qualification fragment location descriptions by
qualified workers. Common English stop words were removed

event structure classes, motivated by the Vendler event typol-
ogy on events types that can be expressed by human lan-
guage [42] (examples in parentheses are taken from the
survey responses):

– Class 1: Activity or state with no goal (“A group of people
working in a factory. There is steam everywhere. They
work hard, but they are not negative about that”);

– Class 2: Activity with underspecified goal and no cer-
tainty of achieving the goal (“A scene of awaiting. Some-
thing is going to happen”);

– Class 3: Activity with well-specified goal and no cer-
tainty of achieving the goal (“Warriors are moving fast
in the darkness and trying to sneak into their enemies’
campsite”);

– Class 4: Activity with well-specified goal and certainty
of achieving the goal (“Someone is walking in a dense
forest and finally arrives at village where the inhabitants
are dancing slowly”).

To verify the validity of these structure classes, we coded
all responses belonging to the 54 music fragments that were
also used in our ranking tasks, both from the initial survey
run and the qualification-requiring description task. In doing
this, we took the perspective of the protagonist at the narra-
tive level that Bal [1] calls the fabula: the level consisting of
the narrative as a pure chain of events, without any ‘color-
ing’ of it towards the audience. For 44 out of 54 fragments,
a majority of respondents described a story of the same event
structure class. For these cases, we studied the amount of
agreement by framing the problem as a classification prob-
lem, in which the majority vote on the event structure class
would be considered as the actual class. By counting actual
class occurrences for every majority vote class, we can con-
struct a ‘confusion matrix’ C , which for our fragments was

C =

⎡

⎢
⎢
⎣

49 7 12 12
4 15 3 4
5 7 43 5
5 3 0 12

⎤

⎥
⎥
⎦

where cm,n indicates the number of descriptions for event
structure class n, when a majority of respondents described
a story of event structure class m.

The most striking result is that class 1 frequently gets
mixed with the other classes. This may be because of the way
our descriptions were solicited: even when not feeling any
goal to be pursued in the music, a respondent could still have
been triggered by our questions such that a full story was con-
ceived with a goal in it. However, this situation occurs much
less the other way around. If a music fragment invokes a scene
with a goal for the majority of respondents, this majority will
be large. In addition, respondents are strongly agreeing on
uncertainty of reaching a goal (classes 2 and 3).

In order to see how the classes are balanced if many
responses are available for a song, we return to the quali-
fication fragments again. The results are shown in Table 4.
For ‘Mer Bleue Boogie’, the most frequently occurring class
is class 1, but similarly to the confusion matrix, we notice
that this is no strong majority either. On the other hand, the
other two fragments, in particular ‘Exciting Trailer’, do have
a strong majority class. ‘Origo Vitae’, which was supposed
to be a mystery fragment, has considerably more ‘vague
goals’ (class 2) than the other fragments, or the general trend
observed in the confusion matrix.
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Table 4 Event structure class occurrences (in %) for the qualification
fragments

1 2 3 4

‘Exciting Trailer’ 19.62 3.74 57.94 18.69

‘Mer Bleue Boogie’ 42.5 5.0 37.5 15.0

‘Origo Vitae’ 8.5 23.4 48.94 19.15

6.3 Self-reported reasons for descriptions

Are workers capable of indicating why the music made them
choose their descriptions? This information is relevant to
investigate salient high-level description features that can be
used for query construction and to which low-level feature
extractors should be mapped.

In order not to bias against songs, we once again con-
sidered our set of 231 descriptions for 54 music fragments.
We categorized all reported motivations, starting from Tagg’s
earlier-mentioned musical sign topology [39], and adding
any other emergent categories. This led to 12 categories:

1. Sonic anaphone: “The high tones sound like fluttering
birds, the lowerer (sic) tones sound like a grumbling
character”.

2. Kinetic anaphone: “The bass line is paced and deliberate.
It gave me the sense of someone sneaking around”.

3. Tactile anaphone: “The music brings to mind picture of
something moving slowly, uniformly and languidly like a
falling night, setting sun or rising sun, sluggish waters,
billowing smoke etc. It also has a touch of romance and
warmth. Thus a loving couple in a moonlit night walking
slowly in a world of their own came naturally to mind”.

4. Genre synecdoche: “The saxophone prominence leads
me to believe that this film is set in a past generation”.

5. Episodic marker: “The ascending notes which reach a
peak and then decline”.

6. Style indicator: “The music definitely seemed like some-
thing you would hear in a club”.

7. Temporal development: “It has a beat which (sic) some
energy in it, but sometimes it halts, and is there (sic) space
for the serious part of a conversation, or just a normal
diner (sic)”.

8. Character trait/psychology of actor: “It is rock enough to
make me think of a biker dude”.

9. General quality/atmosphere: “Because the fragment
seems to possess some kind of cool feeling: it is not too
fast paced but neither is it too slow. Also the sounds/pads
used seem to possess this feeling”.

10. Seen before: “Because the fragment reminds me of a rob-
bery in today’s popular action movies”.

11. Personal relation: “It reminds me of my jolly school days”.
12. Intuition: “Just something that popped in my head the

minute I heard this music”.

The answer distribution over these categories is shown in
Table 5. As it turns out, and was hypothesized at the start of
our work, respondents can generally not explain their descrip-
tion reasons at the level of Tagg’s musical sign topology
(constituted by categories 1–6), except in case of the kinetic
anaphone category. At the same time, from an application-
oriented requirements elicitation perspective, it is good to see
that the very individualistic category 11, and the uninforma-
tive category 12 only amount to <11 % of the represented
categories. Three meta-categories stand out:

1. Temporal aspects (categories 2 and 7, can include 5):
temporal developments, movement indicators and
episodic changes. In our free-form setting, workers
tended to talk much more in terms of characteristics of
different episodes that they observed (“the parts where
there are constant harmonies in the background need a
more quiet scene than the parts where there is only the
beat”, “At first, I thought that perhaps a human/hacker
type of scene would be appropriate, but it does not
explain the breaks in the music”) than in terms of mark-
ers announcing an episode change. Similar to the findings
in [31], workers appear to be highly sensitive to tempo-
ral developments that indicate a sound change, but from a
musical structure analysis or discourse point would not be
significant: e.g., “It has blunt pauses in-between. The end
is also blunt and sounds like ‘this just does not work’”,
“The end is a possitive (sic) note and it is as though some-
body realises something”.

2. Psychology, quality and atmosphere (category 9, can
include 8): categories relating to Lissa’s functions [26] of
indicating a character’s psychology, and providing empa-
thy to the viewer. These will be closely related to affective
aspects.

3. Previously seen examples (categories 4, 6 and 10): knowl-
edge of existing films and styles are steering the evocation
directions, and workers are aware of this.

6.4 Further notions

There were two more aspects in the received descriptions that
we found worth mentioning in this section. While these are

Table 5 Category occurrences
(in %) for self-reported scene
description reasons

1 2 3 4 5 6 7 8 9 10 11 12

5.62 10.06 1.12 7.87 0.84 8.15 12.64 7.58 21.63 12.92 5.06 5.62
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currently anecdotical, they seem to conform to theories on
cognition, expectation, and familiarity as, e.g., investigated
by Huron [13]. As such, they show interesting opportunities
for cross-disciplinary future work.

6.4.1 Cultural influences

Connotative meaning is largely built on cultural conventions.
Overall, our results (which largely reflected Western mass
media culture) showed good generalizability measures, indi-
cating that characteristics of this culture are widely recog-
nized, also by workers who are not from countries of this
culture. However, there was one example in which culturally
specific influences seem to be present: ‘Origo Vitae’. While
the Middle East was a popular geographical region, none
of the 8 workers from India mentioned this, or any ‘exoti-
cism’ at all. In music-theoretic terms, the piece features a
lowered second degree in comparison to a harmonic major
scale, which has grown to be an Arabic cliché in Western art
music, but may not be recognized as such by others.

6.4.2 Major versus minor �= happy versus sad

A common conception regarding the relation of musical
keys to affective properties is that major keys imply posi-
tive feelings and minor keys negative feelings. In our survey
responses, we observed a few situations in which this situa-
tion was more nuanced.

For three quiet major-key songs, workers agreed on char-
acterizing the song as positive to very positive. However, in
the scenes described with it, feelings were mixed: e.g., “The
father dies slowly after having a perfect time with his son.
His son gets sad, but at the same time experiences relief due
to having the last chance to see him after being apart for 30
years”, “The young man in the first scene would be a man
with a bright smile, an almost glowing optimism about him,
everything in his demeanor a happy and positive. The second
scene of this boy would be a older boy, his eyes more wrinkled
around the edges, the rings under his eyes deeper, a troubled
yet stern look on his face, the face of a man who has stayed
up long nights worrying and many times his eyes witnessing
the horrible acts war exposes one to, slowly rending tears
in this mans happiness and his soul, leaving him a dry and
unhappy husk of the man he once was”.

Furthermore, there were two cases of minor-key silent film
piano music, which were intended by the original composer
as indeed belonging to negatively valenced scenes: “Short
Theme in two tempos for your bad guy” and “this staccato
piano piece is the tense setting for the classic silent film scene:
the heroine is tied to the train tracks, the steam engine train
plugging along towards her”. However, workers do not feel
this at all anymore, and rather trigger on the staccato piano
playing style, which is considered as bright and uplifting:

“Harry is bulky and brainless. He is always confused. Even
if he wants to do the job in a way he feels proud off, he just
cant (sic) make it. Poor thing”, “A few young children are
playing hide and seek”. If any connections are made with
existing movies, these are to comedy and slapstick genres
(e.g., Laurel and Hardy, The Addams Family).

7 Conclusion and outlook

We presented a study of narrative multimedia descriptions
that people connect to music fragments. In order to obtain
a sizable number of participants to our study, we employed
a crowdsourcing strategy for recruitment. As it turned out,
running our highly open-ended task on a mainstream crowd-
sourcing platform did not present any disadvantages over a
more controlled recruiting approach. In contrast, gathering
input was more efficient, and there were no significant draw-
backs in terms of user input quality.

When provided with earlier obtained descriptions, work-
ers were able to reliably recognize the stimulus fragment
that evoked the description. When multiple descriptions were
gathered for the same music fragment, fragment-specific pro-
files emerge in terms of actor, location and story types. Based
on the provided worker input, event structure classes that con-
sider the absence or presence of a goal and the certainty of
achieving this goal were deduced as a conceptual level at
which different free-form worker descriptions will be gener-
alizable. In most of the cases studied, there was a majority
preference for an event structure class, and in case the pref-
erence considers a narrative involving a goal, this majority is
strong. This suggests that automated analysis methods should
be conceivable that can map to such goal-oriented classes.

For our current fragment ranking task, our experiments
contained a stimulus fragment versus two randomly cho-
sen fragments. This choice to randomly pick the alternative
fragments was made to allow for an objective experimen-
tal situation, without any potential selection bias. Follow-
ing the indications regarding salient narrative themes and
event structures resulting from our description task, follow-
up experiments are imagineable in which the fragment rank-
ing task is repeated, but the alternative fragments are picked
in a (semi-)supervised way, considering these findings from
our description task.

As we found, workers are not very good at explaining their
connotative associations in terms of musical characteristics.
Nonetheless, their reports reveal sensitivity to associations
between temporal development and musical movement, to
affective and psychological effects, and to existing prototyp-
ical examples. Two remarks should be made here that need
more investigation in the future:

– As for the first self-reported association mechanism of
temporal development and movement, the features on
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which workers trigger seem at a higher level than mere
beat or tempo tracking (and related to sound timbre), but
at a lower level than formal music structure analysis.

– Future work in this area in the fields of affect and general
learning should take into account that connotative asso-
ciations may involve several signal-unrelated steps (“I
enjoyed this piece of music. It seemed 80 s adn (sic) joy-
ful, so that made me think of a romcom’s ending. It seemed
a little spacy and techy, so that made me think of Geek
Romance”), and that, while consensus is reached on the
general affective content of a music fragment, multiple
layers of affect will get involved as soon as the multi-
media context is involved (“I thought the music sounded
kind of wistful, but on the same hand it also had some
sense of pride in it”).

Our approach to the problem took a cross-disciplinary
view inspired by current thought in linguistics and musicol-
ogy. For several decades, the field of musicology has already
been acknowledging and studying the importance of conno-
tative meaning, albeit not from a data-oriented perspective,
avoiding any absolutist and positivist approaches. With the
rise of the Social Web, we are currently able to take a data-
oriented perspective that is not necessarily absolutist or pos-
itivist, but rather driven by cultural communities and, as we
showed in this article, connotation-aware.

Our findings that the connotative connections between
free-form and spontaneous descriptions of visual narrative
and musical information are strong enough to be recognizable
and generalizable open up new perspectives for multimedia-
oriented music querying and retrieval. Music queries in this
context do not need to be confined to musical vocabulary,
but can be constructed in a user-friendly narrative form
created under consideration of the envisioned end result.
Such queries constitute versatile and sophisticated multime-
dia messages, and, as our results suggest, the goal of deep-
ening out the connotative layer underlying these messages is
feasible to pursue in the near future.
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