
I. INTRODUCTION

M USIC is a form of communication that can represent
human emotions, personal style, geographic origins,

spiritual foundations, social conditions, and other aspects of hu-
manity. Listeners naturally use words in an attempt to describe
what they hear even though two listeners may use drastically
different words when describing the same piece of music.
However, words related to some aspects of the audio content,
such as instrumentation and genre, may be largely agreed upon
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of their careers. In previous work, we take a more song-speci� c
approach by text-mining song reviews written by expert music
critics [22]. The drawback of this technique is that critics do
not explicitly make decisions about the relevance of each in-
dividual word when writing about songs and/or artists. In both
works, it is evident that the semantic labels are a noisy version
of an already problematic“subjective ground truth.” To address
the shortcomings of noisy semantic data mined from text-doc-
uments, we decided to collect a“clean” set of semantic labels
by asking human listeners to explicitly label songs with acous-
tically relevant words. We considered 135 musically relevant
concepts spanning six semantic categories: 29 instruments were
annotated as present in the song or not; 22 vocal characteris-
tics were annotated as relevant to the singer or not; 36 genres,
a subset of the Codaich genre list [23], were annotated as rele-
vant to the song or not; 18 emotions, found by Skowroneket al.
[24] to be both important and easy to identify, were rated on a
scale from one to three (e.g.,“not happy,” “ neutral,” “ happy”);
15 song concepts describing the acoustic qualities of the song,
artist, and recording (e.g., tempo, energy, sound quality); and 15
usage terms from [25] (e.g.,“ I would listen to this song while
driving, sleeping, etc.” ).

The music corpus is a selection of 500 Western popular songs
from the last 50 years by 500 different artists. This set was
chosen to maximize the acoustic variation of the music while
still representing some familiar genres and popular artists. The
corpus includes 88 songs from the Magnatunes database [26]
one from each artist whose songs are not from the classical
genre.

To generate new semantic labels, we paid 66 undergraduate
students to annotate our music corpus with the semantic con-
cepts from our vocabulary. Participants were rewarded $10 per
hour to listen to and annotate music in a university computer
laboratory. The computer-based annotation interface contained
an MP3 player and an HTML form. The form consisted of one
or more radio boxes and/or check boxes for each of our 135
concepts. The form was not presented during the� rst 30 s of
song playback to encourage undistracted listening. Subjects
could advance and rewind the music and the song would repeat
until they completed the annotation form. Each annotation took
about 5 min, and most participants reported that the listening
and annotation experience was enjoyable. We collected at least
three semantic annotations for each of the 500 songs in our
music corpus and a total of 1708 annotations. This annotated
music corpus is referred to as the Computer Audition Lab 500
(CAL500) data set.

A. Semantic Feature Representation

We expand the set ofconceptsto a set of 237wordsby map-
ping all bipolar concepts to two individual words. For example,
“ tender” gets mapped to“ tender” and“not tender” so that we
can explicitly learn separate models for tender songs and songs
that are not tender. Note that, according to the data that we
collected, many songs may be annotated as neither tender nor
not tender. Other concepts, such as genres or instruments, are
mapped directly to a single word.

For each song, we have a collection of human annotations
where each annotation is a vector of numbers expressing the

response of a subject to a set of words. For each word, the an-
notator has supplied a response ofor if the annotator be-
lieves the song is or is not indicative of the word, or 0 if unsure.
We take all the annotations for each song and compact them to
a single annotation vector by observing the level of agreement
over all annotators. Our� nal semantic weights are

# Positive Votes # Negatives Votes
# Annotations

For example, for a given song, if four annotators have labeled
a concept with , then . The semantic
weights are used for parameter estimation.

For evaluation purposes, we also create a binary“ground
truth” annotation vector for each song. To generate this vector,
we label a song with a word if a minimum of two people vote
for the word and there is a high level of agreement
between all subjects. This assures that each positive label is
reliable. Finally, we prune all words that are represented by
fewer than� ve songs. This reduces our set of 237 words to a
set of 174 words.

B. Music Feature Representation

Each song is represented as abag-of-feature-vectors: a set of
feature vectors where each vector is calculated by analyzing a
short-time segment of the audio signal. In particular, we repre-
sent the audio with a time series ofMFCC-Deltafeature vec-
tors [27]. A time series of Mel-frequency cepstral coef� cient
(MFCC) [28] vectors is extracted by sliding a half-overlapping,
short-time window ( 23 ms) over the song’s digital audio� le.
A MFCC-Delta vector is calculated by appending the� rst and
second instantaneous derivatives of each MFCC to the vector
of MFCCs. We use the� rst 13 MFCCs resulting in about 5200
39-dimensional feature vectors per minute of audio content. The
reader should note that the SML model (a set of GMMs) ig-
nores the temporal dependencies between adjacent feature vec-
tors within the time series. We� nd that randomly subsampling
the set of delta cepstrum feature vectors so that each song is
represented by 10 000 feature vectors reduces the computation
time for parameter estimation and inference without sacri� cing
overall performance.

We have also explored a number of alternative feature repre-
sentations, many of which have shown good performance on the
task of genre classi� cation, artist identi� cation, song similarity,
and/or cover song identi� cation [29]. These include auditory
� lterbank temporal envelope [7], dynamic MFCC [7], MFCC
(without derivatives), chroma features [30], and� uctuation pat-
terns [31]. While a detailed comparison is beyond the scope of
this paper, one difference between these representations is the
amount of the audio content that is summarized by each feature
vector. For example, a MFCC-Delta vector is computed from
less than 80 ms of audio content, a dynamic MFCC vector sum-
marizes MFCCs extracted over 3/4 of a second, and� uctuation
patterns can represent information extracted from 6 s of audio
content. We found that MFCC-Delta features outperformed the
other representations with respect to both annotation and re-
trieval performance.
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VI. SEMANTICALLY LABELED SOUND EFFECTSDATA

To con� rm the general applicability of the SML model to other
classes of audio data, we show that we can also annotate and re-
trieve sound effects. We use the BBC sound effects library which
consists of 1305 sound effects tracks [17]. Each track has been
annotated with a short 5–10 word caption. We automatically
extract a vocabulary consisting of 348 words by including each
word that occurs in� veor more captions. Each caption for a track
is represented as a 348-dimensional binary annotation vector
where theth value is 1 if word is present in the caption, and 0
otherwise. As with music, the audio content of the sound effect
track is represented as a time series of MFCC-Delta vectors,
though we use a shorter short-time window (11.5 ms) when
extracting MFCC vectors. The shorter time window is used in
an attempt to better represent important inharmonic noises that
are generally present in sound effects.

VII. M ODEL EVALUATION

In this section, we quantitatively evaluate our SML model for
audio annotation and retrieval. We� nd it hard to compare our
results to previous work [15], [17], [18] since existing results are
mainly qualitative and relate to individual tracks, or focus on a
small subset of sound effects (e.g., isolated musical instruments
or animal vocalizations).

For comparison, we evaluate our two SML models and com-
pare them against three baseline models. The parameters for
one SML model, denoted“MixHier,” are estimated using the
weighted mixture hierarchies EM algorithm. The second SML
model, denoted“ModelAvg,” results from weighted modeling
averaging. Our three baseline models include a“Random” lower
bound, an empirical upper bound (denoted“UpperBnd”), and a
third “Human” model that serves as a reference point for how
well an individual human would perform on the annotation task.

The“Random” model samples words (without replacement)
from a multinomial distribution parameterized by the word
prior distribution, for , estimated using the
observed word counts of a training set. Intuitively, this prior
stochastically generates annotations from a pool of the most
frequently used words in the training set. The“UpperBnd”
model uses the ground truth to annotated songs. However, since
we require that each model use a� xed number of words to
annotate each song, if the ground truth annotation contains too
many words, we randomly pick a subset of the words from the
annotation. Similarly, if the ground truth annotation contains
too few words, we randomly add words to the annotation from
the rest of the vocabulary.

Lastly, we will compare an individual’s annotation against a
“ground truth” annotation that is found by averaging multiple an-
notations (i.e., an annotation based on group consensus). Specif-
ically, the“Human” model is created by randomly holding out
a single annotation for a song that has been annotated by four
or more individuals. This model is evaluated against a“ground
truth” that is obtained combining the remaining annotations for
that song. (See Section V.A for the details of our summarization
process.) It should be noted that each individual annotation uses
on average 36 of the 174 words in our vocabulary. Each ground
truth annotation uses on average only 25 words since we require

a high level of agreement between multiple independent anno-
tators for a word to be considered relevant. This re� ects the fact
that music is inherently subjective in that individuals use dif-
ferent words to describe the same song.

A. Annotation

Using (2), we annotate all test set songs with ten words and all
test set sound effect tracks with six words. Annotation perfor-
mance is measured using meanper-wordprecision and recall.
Per-word precision is the probability that the model correctly
uses the word when annotating a song. Per-word recall is the
probability that the model annotates a song that should have been
annotated with the word. More formally, for each word
is the number of tracks that have wordin the human-generated
“ground truth” annotation. is the number of tracks that our
model automatically annotates with word. is the number
of “correct” words that have been used both in the ground truth
annotation and by the model. Per-word recall is and
per-word precision is .2 While trivial models can
easily maximize one of these measures (e.g., labeling all songs
withacertainwordor, instead,noneof them),achievingexcellent
precision and recall simultaneously requires a truly valid model.

Mean per-word recall and precision is the average of these
ratios over all the words in our vocabulary. It should be noted
that these metrics range between 0.0 and 1.0, but one may be
upper-bounded by a value less than 1.0 if either the number
of words that appear in a ground truth annotation is greater or
lesser than the number of words that are output by our model.
For example, if our system outputs ten words to annotate a test
song where the ground truth annotation contains 25 words, mean
per-word recall will be upper-bounded by a value less than one.
The exact upper bounds for recall and precision depend on the
relative frequencies of each word in the vocabulary and can be
empirically estimated using the“UpperBnd” model which is de-
scribed above.

It may seem more straightforward to useper-songprecision
and recall rather than the per-word metrics. However, per-song
metrics can lead to arti� cially good results if a system is good at
predicting the few common words relevant to a large group of
songs (e.g.,“ rock”) and bad at predicting the many rare words
in the vocabulary. Our goal is to� nd a system that is good at
predicting all the words in our vocabulary. In practice, using the
ten best words to annotate each of the 500 songs, our system
outputs 166 of the 174 words for at least one song.

Table III presents quantitative results for music and Table IV
for sound effects. Table III also displays annotation results using
only words from each of six semantic categories (emotion,
genre, instrumentation, solo, usage, and vocal). All reported
results are means and standard errors computed from tenfold
cross-validation (i.e., 450-song training set, 50-song test set).

The quantitative results demonstrate that the SML models
trained using model averaging (ModelAvg) and mixture hierar-
chies estimation (MixHier) signi� cantly outperform the random

2If the model never annotates a song with wordw, then per-word precision is
unde� ned. In this case, we estimate per-word precision using the empirical prior
probability of the wordP (i ) . Using the prior is similar to using the“Random”
model to estimate the per-word precision, and thus, will in general hurt model
performance. This produces a desired effect since we are interested in designing
a model that annotates songs using many words from our vocabulary.
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TABLE V
MUSIC RETRIEVAL RESULTS. jVj = 174

TABLE VI
SOUND EFFECTSRETRIEVAL RESULTS. jVj = 348

The human experiments were conducted using (mostly) nonex-
pert college students who spent about 5 min annotating each
song using our survey. While we think that the CAL500 data
set will be useful for future content-based music annotation and
retrieval research, it is not of the same quality as data that might
be collected using a highly controlled psychoacoustics experi-
ment. Future improvements would include spending more time
training our test subjects and inserting consistency checks so
that we could remove inaccurate annotations from test subjects
who show poor performance.

Currently, we are looking at two extensions to our data
collection process. The� rst involves vocabulary selection: if a
word in the vocabulary is inconsistently used by human anno-
tators, or the word is not clearly represented by the underlying
acoustic representation, the word can be considered asnoisy
and should be removed from the vocabulary to denoise the
modeling process. We explore these issues in [32], whereby we
devise vocabulary pruning techniques based on measurements
of human agreement and correlation of words with the under-
lying audio content.

Our second extension involves collecting a much larger
annotated data set of music using web-based human computa-
tion games [33]. We have developed a web-based game called
“Listen Game” which allows multiple“annotators” to label
music through realtime competition. We consider this to be a
more scalable and cost-effective approach for collecting high-
quality music annotations than laborious surveys. We are also
able to grow our vocabulary by allowing users to suggest words
that describe the music.

Our weighted mixture hierarchies EM is more computation-
ally ef� cient and produces better density estimates than direct

estimation or modeling averaging. The improvement in perfor-
mance may be attributed to the fact that we represent each track
with a track-level distribution before modeling a word-level dis-
tribution. The track-level distribution is a smoothed represen-
tation of the bag-of-feature-vectors that are extracted from the
audio signal. We then learn a mixture from the mixture com-
ponents of the track-level distributions that are semantically as-
sociated with a word. The bene� t of using smoothed estimates
of the tracks is that the EM framework, which is prone to� nd
poor local maxima, is more likely to converge to a better density
estimate.

The semantic multinomialrepresentation of a song, which
is generated during annotation (see Section III-B), is a useful
and compact representation of a song. In derivative work [21],
we show that if we construct aquery multinomialbased on a
multiword query string, we can quickly retrieve relevant songs
based on the Kullback–Liebler (KL) divergence between the
query multinomial and all semantic multinomials in our data-
base of automatically annotated tracks. The semantic multino-
mial representation is also useful for related audio information
tasks such as“retrieval-by-semantic-similarity” [34], [35].

It should be noted that we use a very basic frame-based audio
feature representation. We can imagine using alternative rep-
resentations, such as those that attempt to model higher-level
notions of harmony, rhythm, melody, and timbre. Similarly,
our probabilistic SML model (a set of GMMs) is one of many
models that have been developed for image annotation [12],
[13]. Future work may involve adapting other models for the
task of audio annotation and retrieval. In addition, one draw-
back of our current model is that, by using GMMs, we ignore all
temporal dependencies between audio feature vectors. Future
research will involve exploring models, such as hidden Markov
models, that explicitly model the longer term temporal aspects
of music.

Lastly, our future work will involve modeling individual users
(or subsets of similar users) withuser-speciÞcmodels. For ex-
ample, during data collection, we had one test subject anno-
tate 200 of the 500 songs in our data set. A preliminary study
showed that we were better able to predict some words (espe-
cially “usage” words) for this subject using the 200-song subset
when compared against models trained using the entire CAL500
data set. This is not surprising since we would expect an indi-
vidual to beself-consistentwhen annotating songs with subjec-
tive concepts. We expect that user-speci� c models will offer us
a chance to reduce the impact caused by subjectivity in music
so that we can better model an individual’s notions of audio
semantics.
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