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A Generative Context Model for Semantic
Music Annotation and Retrieval

Riccardo Miotto and Gert Lanckriet

Abstract—While a listener may derive semantic associations for
audio clips from direct auditory cues (e.g., hearing “bass guitar”)
as well as from “context” (e.g., inferring “bass guitar” in the con-
text of a “rock” song), most state-of-the-art systems for automatic
music annotation ignore this context. Indeed, although contextual
relationships correlate tags, many auto-taggers model tags indepen-
dently. This paper presents a novel, generative approach to improve
automatic music annotation by modeling contextual relationships
between tags. A Dirichlet mixture model (DMM) is proposed as a
second, additional stage in the modeling process, to supplement any
auto-tagging system that generates a semantic multinomial (SMN)
over a vocabulary of tags when annotating a song. For each tag in
the vocabulary, a DMM captures the broader context the tag de-
fines by modeling tag co-occurrence patterns in the SMNs of songs
associated with the tag. When annotating songs, the DMMs refine
SMN annotations by leveraging contextual evidence. Experimental
results demonstrate the benefits of combining a variety of auto-tag-
gers with this generative context model. It generally outperforms
other approaches to modeling context as well.

Index Terms—Audio annotation and retrieval, context modeling,
Dirichlet mixture models, music information retrieval.

I. INTRODUCTION

D URING the last decade, the Internet has reinvented the
music industry. Physical media have evolved towards on-

line products and services. As a consequence of this transi-
tion, online music corpora have reached a massive scale and are
constantly being enriched with new content. This has created
a need for music search and discovery technologies that allow
users to interact with these extensive collections efficiently and
effectively.

Automated semantic annotation of musical content with de-
scriptive tags—keywords or short phrases that capture relevant
characteristics of music pieces, ranging from genre and instru-
mentation, to emotions, usage, etc.—is a core challenge in de-
signing fully functional music retrieval systems [1]. In these
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Fig. 1. Tag co-occurrence in the CAL500 dataset. Each row and column corre-
sponds to exactly one tag of the CAL500 vocabulary, ordered by tag category.
Entries indicate correlation between the corresponding tags, computed as the
Jaccard coefficients, with values ranging from blue (mutually exclusive tags) to
white (perfectly correlated tags). Emotion, instrument and acoustic tags exhibit
significant co-occurrence with other tags.

systems, semantic tags can be used for keyword search (e.g.,
searching for “mellow rock songs with acoustic guitar”) or ex-
ample-based retrieval based on high-level semantic represen-
tations (e.g., generating playlists based on songs with similar
annotations).

To automatically annotate songs with semantic tags, based
on audio content, auto-taggers model the characteristic acoustic
patterns that are associated with each tag in a vocabulary.
State-of-the-art auto taggers are based on discriminative ap-
proaches, [e.g., boosting [2] and support vector machines
(SVMs) ([3], [4])] as well as generative models (e.g., Gaussian
mixture models (GMMs) [5] and the codeword Bernoulli
average (CBA) model [6]). Based on these tag models, most
auto-taggers generate a vector of tag weights when annotating
a new song for music search and retrieval. After normalizing,
so its entries sum to one, this vector may be interpreted as a
semantic multinomial (SMN), i.e., a multinomial probability
distribution characterizing the relevance of each tag to a song,
as depicted in Fig. 3, on the left-hand side. A song is annotated
by selecting the top-ranked tags in its SMN (i.e., sampling the
most likely tags from its SMN). To retrieve songs given a tag
query, songs in a database are ranked by the tag’s probability
in their SMN.

1558-7916/$31.00 © 2011 IEEE
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Fig. 2. Examples of semantic multinomials (as predicted by a GMM-based auto-tagger) of three songs associated with the tag “high energy” in the CAL500
dataset. While the content-based auto-tagger fails at predicting the relevance of the tag “high energy,” a context model could learn to correct this by observing
contextual evidence, e.g., the clear co-occurrence of the tags “alternative” and “hard rock” in “high energy” songs.

TABLE I
TOP-5 CO-OCCURRING TAGS FOR A SAMPLE OF CAL500 TAGS

While some semantic associations in music are inspired by
direct auditory cues (e.g., hearing a “violin”), others are in-
ferred through contextual relationships (e.g., inferring “cello”
and “bassoon,” when listening to “orchestral classic music”).
These contextual relationships correlate tags. This is illustrated
in Figs. 1 and 2 and Table I.

Fig. 1 highlights tag co-occurrence patterns (e.g., “rock”
songs also tagged as “guitar”) in the CAL500 dataset [5], one
of the annotated music collections used as training data in
later experiments (see Section VI-A1 for more details). The
pairwise correlation between two tags is computed as the Jac-
card coefficient [7], which measures the number of times both
tags co-occur, over all songs, normalized by the total number

of times the two tags appear.1 As Fig. 1 indicates, tags in the
“Emotion,” “Instrument” and “Acoustic” categories correlate
significantly with other tags. Additionally, Table I shows the
top five co-occurrences for a sample of tags. Fig. 2, on the
other hand, shows that the SMNs (generated by a GMM-based
auto-tagger) of three CAL500 songs that are associated with
the tag “high energy” exhibit similar tag co-occurrences. While
the auto-tagger predicts the relevance of the tag “high energy”
to be small, based on each song’s audio content, this could be
corrected by leveraging contextual evidence provided, e.g., by
the tags “alternative” and “hard rock,” which often co-occur in
the SMNs of “high energy” songs.

Auto-tagging systems are expected to benefit from recog-
nizing this context and the tag correlations it induces. For
example, the prediction of a tag may be facilitated by the pres-
ence or absence of other tags—if a song has been tagged with
“drums,” the tag “electric guitar” is significantly more likely
than “violin.” Most state-of-the-art auto-taggers, however,
model each semantic tag independently and thereby ignore
contextual tag correlations.

In this paper, we introduce an additional layer of semantic
modeling that supplements existing auto-tagging models by ex-
plicitly capturing tag correlations in SMNs. This is shown in
Fig. 3. Each tag in the vocabulary is considered to define a
broader context that causes multiple, related tags to co-occur
in a song’s SMN. For each tag, we capture this broader context

1In particular, for � the number of times tags � and � co-occur over all
songs in the dataset, the Jaccard coefficient � is defined as � � � ��� �
� �� �, where � represents the number of songs annotated with the tag � .
The Jaccard coefficients range between 0 and 1 and are strictly positive if the
tags are not mutually exclusive.
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Fig. 3. Overview of the system: DMMs model context by considering co-occurrence patterns between tags in the semantic multinomials.

by estimating a generative context model.2 More specifically,
the SMNs predicted for songs associated with the tag are mod-
eled as samples from a Dirichlet mixture model (DMM), i.e., a
mixture of Dirichlet distributions [9]. One DMM is estimated
for each tag in the vocabulary and models which tags are typi-
cally co-occurring or missing for songs associated with that tag.
To annotate a new, unlabeled song, the DMMs are used to post
process the auto-tagger’s SMN, based on semantic context. In
particular, a DMM tag model will adjust (i.e., reduce or boost) a
tag’s SMN weight given contextual evidence provided by other
co-occurring tags. This will allow to correct auto-tagger errors
in the SMNs, while reinforcing good posterior probability es-
timates. The resulting tag weights define a contextual multino-
mial (see Fig. 3).

The proposed approach is flexible in that it can be combined
with any auto-tagger that generates SMNs. As a generative
model, it also handles weakly labeled data3 well: unlike discrim-
inative models (e.g., SVMs, boosting, decision trees), which
also require reliable negative training examples, generative
models only require training examples that have been positively
associated with a semantic tag, to estimate class-conditional
distributions. Moreover, generative models are better suited at
estimating distributions that naturally emerge around relevant
contextual tag correlations in the SMNs, while down-weighting
irrelevant outliers (e.g., accidental tag co-occurrences), and
ranking tags probabilistically for a song (by applying Bayes’
rule). Finally, as the Dirichlet distribution is the conjugate
prior of the multinomial distribution, it is a natural choice to
model the distribution of SMNs generated by an auto-tagger.
Estimating a mixture of Dirichlet distributions (i.e., a DMM)
instead of a single Dirichlet distribution allows to model various
contextual relationships within each tag model.

2This approach to context modeling is called “generative” as it approaches a
multi-class labeling problem by estimating class-conditional distributions (i.e.,
distributions of SMNs associated with each tag), as opposed to “discriminative”
approaches that focus on directly optimizing decision functions and/or probabil-
ities of interest (e.g., discriminant functions to label SMNs with tags). See, e.g.,
[8] for more details on this nomenclature. We note that using the term “gener-
ative” is not intended to suggest that a probabilistic process or graphical model
is being proposed that explains and models the generation of music clips from
semantic tags, from start to finish.

3In weakly labeled data, the presence of a tag implies it applies; the absence
of a tag, however, does not guarantee it does not apply.

The remainder of this paper is organized as follows. After a
discussion of related work in Section II, Section III describes
the music annotation and retrieval problem. In Section IV, we
introduce the DMM as a model to capture contextual tag correla-
tions in semantic multinomials. Section V provides an overview
of various auto-tagging systems that generate SMNs. Experi-
mental results for combining each of these systems with DMM
context models are presented in Sections VI and VII.

II. RELATED WORK

The prohibitive cost of manual labeling of multimedia content
(e.g., images, music, movies, etc.) made automatic annotation a
major challenge in various fields of research. In the computer
vision community, the automatic annotation and retrieval of im-
ages has been a topic of ongoing research (see, e.g., [10]–[18]).
Recently, Rasiwasia and Vasconcelos [19] proposed a frame-
work that combines object-centric and scene-centric methods to
model contextual relationships between visual concepts.

In music information retrieval, auto-tagging has also received
a significant amount of attention.4 The design of auto-taggers
has mainly focused on predictive statistical models that capture
the acoustic content of songs that are associated with a specific
tag (see, e.g., [4]–[6], [21]–[26]), where different tags are often
modeled independently. When annotating a new, unlabeled
song, most of these semantic tag models allow to compute tag
weights, which can be interpreted as a semantic multinomial.
Some recent work has started to consider tag correlation ([2],
[3], [27]–[29]). Most of this work trains a discriminative con-
text model for each tag, based on the tag weights (i.e., SMN)
output by the semantic tag models. This context model is often
very similar in nature to the semantic model it is “stacked” on
top of. For example, Yang et al. [27] propose a discriminative
approach based on ordinal regression, for both the semantic and
the context models (for each tag, training songs are assigned
to four groups of decreasing relevance, based on empirically
observed tag correlations in the ground truth annotations); Ness
et al. [3] use support vector machines (SVMs) for semantic
and context models, while Bertin-Mahieux et al. [2] apply two

4As a consequence, in 2008, the “Audio Tag Classification” task has been
introduced in the Music Information Retrieval Evaluation eXchange (MIREX)
[20].
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stages of boosting. Aucouturier et al. [28] use a decision tree
to refine the result of individual detectors. More recently, Chen
et al. [29] proposed to estimate not only word models, but
also anti-word models, using GMMs. Word models are regular
semantic tag models, modeling the presence of a tag, as in the
work of Turnbull et al. [5]. Anti-word models, on the other
hand, capture acoustic content that is not usually associated
with a word, by characterizing content that is associated with
tags of opposite semantic meaning (i.e., tags that are negatively
correlated with the word, on the training set). Predictions from
both types of models are combined to obtain the final tag
weights. While this approach refines the GMM-based semantic
multinomials by explicitly accounting for acoustic patterns
that may indicate a tag’s absence, it does not provide a holistic
contextual model for each tag, to leverage positive, negative
and more complex tag correlation patterns in the SMNs.

In this work, we focus on developing a generative context
model that can be combined with any existing auto-tagger that
generates SMNs. Compared to the previously proposed discrim-
inative approaches, a generative context model is expected to
handle better weakly labeled data and has some other advan-
tages, as discussed before (e.g., the model naturally provides
probabilities to rank predictions). Since our context model is
not being developed for a specific auto-tagger, we measure its
benefit for a variety of auto-taggers, by comparing their per-
formance with and without being combined with the context
model. We also explore how other approaches to capturing con-
text ([2], [3], [27]) generalize in combination with auto-taggers
other than the ones they were developed for.

III. MUSIC ANNOTATION AND RETRIEVAL

This section discusses the related tasks of annotation and re-
trieval of audio data as a supervised multi-class labeling (SML)
problem ([5], [17]). In this setting, each tag in a vocabulary
represents a class label, and each song is tagged with multiple
labels. Many existing auto-tagging approaches fit within this
framework. Section V describes several of them in more detail.

A. Notation

The acoustic content of a song is represented as a bag of
features, , where is a vector of audio
features extracted from a short snippet (e.g., 20–50 ms) of the
audio signal, and depends on the length of the song.

The dataset is a collection of songs. Each
of these songs may have been positively associated with one or
more tags from a vocabulary of size . For
each tag , we denote as the subset of songs that
have been positively associated with . The absence of a song
in does not imply the tag does not apply to the song (i.e.,
the data may be weakly labeled).

B. Annotation

We treat annotation as a supervised multi-class labeling
problem, where each class corresponds to a tag from the
vocabulary of unique tags (“rock,” “drum,” “tender,”
etc.). In this setting, annotation involves assigning a song to
one of a mutually exclusive set of classes, i.e., tags. So, from a
modeling perspective, we associate one random variable with
each song and its value is the (unique) tag for that song.

First, a set of models (classifiers, class-conditional densities,
etc., depending on the type of auto-tagger) over the audio fea-
ture space is trained, to recognize the acoustic content asso-
ciated with each tag in the vocabulary. In most auto-tag-
ging systems, one model is trained per tag and models for dif-
ferent tags are trained independently. Then, given a (new) song

, we leverage these models to infer the posterior distribution
over tags, , for that song. As a result, the song is repre-
sented as a semantic multinomial (SMN), ,
on the probability simplex (i.e., with ), where

represents the posterior probability of the
tag for the song . The SMN provides an ordering of the tags
by posterior probability, —this, in some sense, re-
flects the competition between tags, to annotate the song. The
maximum of the SMN, i.e., , provides the
(unique) class assignment.

For practical annotation purposes, instead of assigning one
tag per song, we usually leverage a song’s SMN to annotate the
song with multiple tags by selecting the, e.g., tags with the
largest posterior probabilities according to the SMN.

C. Retrieval

To retrieve songs given a tag-based query, all songs in a data-
base are ranked based on their relevance to the query and the
top-ranked results are returned to the user. More specifically,
we determine the relevance of a song to a query with tag
based on the posterior probability of the tag for that song, i.e.,

. Hence, songs in the database are ranked based on
the entry, , of their semantic multinomials . Although
we focus on single-tag queries, this framework easily extends
to multiple-tag queries [5].

IV. DIRICHLET MIXTURE AS GENERATIVE

CONTEXT MODEL

Instead of modeling tags independently, in this paper, we rec-
ognize contextual tag correlations and explicitly model them.
We want the model to be 1) generally applicable, so it can be
combined with any auto-tagger that generates SMNs, 2) com-
patible with the SML framework proposed in Section III—i.e.,
generate tag multinomials for annotation and retrieval—, and 3)
generative (to handle weakly labeled data and estimate class-
conditional distributions around meaningful tag co-occurrence
patterns in SMNs, while down-weighting accidental co-occur-
rence patterns as outliers).

To achieve these objectives, each tag is considered as a
“source” of a broader context, that causes several related tags
to co-occur in a song’s SMN, and this context is modeled with
a Dirichlet mixture model (DMM), i.e., a mixture of Dirichlet
distributions [9]. So, the DMM captures the typical co-occur-
rence patterns of tags in the SMNs for songs associated with
the tag. As the conjugate prior of the multinomial distribution,
the Dirichlet distribution is an appropriate model for this gen-
erative approach. The SMNs it models could be generated by
any algorithm for automatic annotation. This gives rise to the
two-level architecture depicted in Fig. 3, applying DMM in
tandem with any first-stage auto-tagger generating SMNs. After
training the auto-tagger and estimating DMMs for all tags, a
new, unlabeled song is tagged as follows. First, the auto-tagger
of choice annotates the song with an SMN (left hand side of
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Fig. 3). Then, in the right half of Fig. 3, each tag’s SMN weight
is adjusted based on contextual evidence, i.e., by evaluating the
likelihood of co-occurring tags in the SMN based on the DMM
for that tag. This maps the song’s semantic multinomial into
a contextual multinomial (CMN) , where

is the (context adjusted) relevance of the tag,
given the song’s semantic multinomial . This new multinomial
representation of songs can directly be used in the annotation
and retrieval framework presented in Section III, where each
song is annotated with the most likely tags according to (i.e.,
we select the tags showing the largest probability ).

The remainder of this section explains in more detail how
the DMMs are estimated (to model context) and then applied
(leveraging context) to annotate new songs with a contextual
multinomial.

A. Learning DMM Context Models for Each Tag

To model the context induced by a tag , a Dirichlet mix-
ture model is estimated based on the SMNs of all training songs
in (i.e., all training songs in associated with ). Note
that to annotate a new song, as depicted in Fig. 3, the DMM tag
models are applied to the SMN predicted by some first-stage
auto-tagger. To estimate the DMMs consistently, they are there-
fore estimated based on the SMNs predicted by the first-stage
auto-tagger, for the songs associated with . Moreover, to in-
crease the size and diversity of the training dataset, we will rep-
resent each song as a collection of SMNs, by extracting (over-
lapping) 5-s segments from the song, every 3 s, and annotating
each segment with a SMN. This results in a training set of
semantic multinomials, , associated with the tag .

Finally, to better emphasize the peaks in the training SMNs,
we consider only the top- tag weights in each SMN and de-
crease all others to very low values. For more peaked SMNs,
with high kurtosis,5 is set to , while for more uni-
form SMNs, with low kurtosis, is used. This is
discussed in more detail in Section VII-A.

These SMNs are modeled as samples from a mixture of
Dirichlet distributions [30]

(1)

where is the number of mixture components and
the model parameters, with the

parameters for the Dirichlet mixture component and
the corresponding component weight. The component weights
are positive and normalized to sum to 1, i.e., with

. A Dirichlet distribution with parameters
is given by

(2)

where denotes the Gamma function.

5Kurtosis provides a measure of the “peakedness” of the distribution, giving
an indication whether a SMN is characterized by a few dominant peaks (high
kurtosis value) or by a more uniform distribution (low kurtosis value).

Given the training set of SMNs associated with the tag , i.e.,
, the parameters of the contextual tag model are

estimated by adopting the generalized expectation–maximiza-
tion (GEM) algorithm for maximum-likelihood estimation [31].
GEM is an extension of standard EM and can be applied when
the M-step in standard EM is intractable. Just like EM, GEM
is an iterative algorithm that iterates between an E-step and a
(generalized) M-step. The E-step is identical to the E-step of
standard EM: expectations are computed for each mixture com-
ponent. The (generalized) M-step updates the estimates of the
model parameters . Instead of solving
for the parameters that maximize the likelihood, which is in-
tractable, this M-step generates a parameter estimate for which
the likelihood is higher than the one in the previous iteration.
This is known to be sufficient to guarantee convergence of the
overall EM procedure [31]. To implement this M-step, we apply
the Newton–Raphson algorithm, as in the work of Minka [32]
(who applied it for single component Dirichlet distributions).
Unlike some other Newton algorithms, the latter is more effi-
cient since it does not to require storing or inverting the Hes-
sian matrix (the update for in (5) can be computed more effi-
ciently). Details are provided in Algorithm 1 (wherein denotes
the vector of all ones). Fig. 4 illustrates the complete training
procedure.

Algorithm 1 GEM algorithm for DMM

1: Input: semantic multinomials .

2: Randomly initialize DMM parameters .

3: Define

(3)

4: repeat
5: {E-step}

6: Compute responsibilities , for and
, based on current parameter values

(4)

7: {M-step}

8: Update DMM parameters. For (applying ,
, / and log component-wise)

(5)

9: until convergence

10: Output: DMM parameters .
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Fig. 4. Learning a DMM context model for the tag “Hard rock.” First, 5-s segments, extracted from each “Hard rock” song in the training set (the segments are
extracted every 3 s, which, for clarity, is not precisely represented in the figure) are automatically annotated with semantic multinomials. Next, these SMNs are
preprocessed, to highlight their peaks, as explained in the text. Finally, the distribution of the SMNs, in the semantic space, is modeled by a Dirichlet mixture
model, using a generalized EM algorithm (GEM).

B. Contextual Auto-Tagging

Once the contextual tag models, , have been
estimated for all , in the vocabulary , they
can be used to annotate a new song.

First, for an unseen test song , (overlapping) 3-s segments
are extracted from its audio signal, every 2 s. Each segment is
annotated with an SMN by the first-stage auto-tagger. This rep-
resents the test song as a collection of semantic multinomials,
i.e., , where and
depends on the length of the song. Since we are extracting seg-
ments from one song only at this stage (as opposed to extracting
them from many during training), we extract slightly shorter
segments than from training songs to generate a reasonably large
and rich set of SMNs for the test song. Given the set of SMNs
representing , the most relevant tags are the ones with highest
posterior probability, computed using Bayes’ rule

(6)

where is the prior of the tag and the song
prior. We assume a uniform prior, i.e.,
for , to promote annotation using a di-
verse set of tags. The song prior, , is computed as

. As in the work of Turnbull
et al. [5], we estimate the likelihood term of (6), ,
by assuming that song segments are conditionally independent
(given ) and compensating for the inaccuracy of this naïve

Bayes assumption by computing the geometric average of the
segment likelihoods

(7)

Finally, collecting all posterior probabilities

(8)

provides the contextual multinomial , which can be used for
annotation and retrieval tasks following the approach outlined
in Section III.

In Section VII, we will demonstrate that this contextual rep-
resentation of songs improves annotation and retrieval for a va-
riety of first-stage auto-taggers. First, we overview some auto-
taggers that are amenable to DMM context modeling.

V. AUTO-TAGGERS TO COMPUTE SEMANTIC MULTINOMIALS

We briefly review four state-of-the-art auto-tagging systems,
which allow to compute semantic multinomials as described in
Section III and, therefore, may be leveraged with the contextual
model presented in the previous section.

A. Gaussian Mixture Models (GMM)

This generative model was proposed by Turnbull et al. [5].
Each tag , , in the vocabulary is modeled
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with a probability distribution over the space of audio
features , which is a Gaussian mixture model and captures the
acoustic patterns that are associated with :

(9)

where is the number of mixture components, a
multivariate Gaussian distribution with mean and (diagonal)
covariance matrix , and the mixing weights. The param-
eters of each tag model are esti-
mated from the audio features of songs that are positively asso-
ciated with , using an efficient hierarchical expectation–max-
imization algorithm [5].

Given the audio content of a new song
, a Bayes decision rule based on the posterior tag probabilities

achieves the minimum probability of error to infer relevant tags

(10)

where is the prior of the tag (assumed to
be uniform) and the song prior, computed as

. The likelihood term in
(10), , is estimated with the geometric average

. Finally, we have:

(11)

We run experiments using the code of Turnbull et al. [5], es-
timating song models with 8 and tag models with 16 mixture
components.

B. Codeword Bernoulli Average (CBA)

CBA [6] is a probabilistic model to predict the probability that
a tag applies to a song based on a vector-quantized representa-
tion of the audio features with codewords. So, rather than
representing a song as a bag of audio feature vectors , CBA
represents a song as a vector of counts of codewords.

For a song , the CBA model generates a set of binary
random variables , , which determine
whether or not each tag applies to , in two steps. First, for
each tag , , a codeword is
selected with probability proportional to the number of times
it appears in the song, i.e., proportional to the corresponding
entry of . Then, is sampled from a Bernoulli distribution
with parameter (denoting entry of the parameter
matrix )

(12)

The Bernoulli parameters are estimated from training data
using the expectation-maximization algorithm [31].

The probability that a tag applies to an unseen test song
can be inferred as

(13)
where is the codebook representation of , and its total
number of features, with .

We obtained the authors’ code [6] to run our experiments.
We modified it so the codebook is constructed using only songs
from the training set and set the codebook size .

C. Support Vector Machines (SVM)

Mandel and Ellis use a collection of SVM classifiers for
music auto-tagging [4]. An SVM is a discriminative, supervised
learning algorithm that learns the maximum margin hyperplane
separating two classes of data to construct a binary classifier.
For a vocabulary with tags, an SVM is learned for each tag

, to predict the presence or absence of the tag. Each SVM
is trained from a collection of positive and negative training
examples for the tag it models, using a radial basis kernel.

To tag an unseen test song , it is classified by each of the
SVMs. Platt scaling [33] is used to convert distance from the

separating hyperplane to a probability estimate
for each tag .

We implement this model using LibSVM [34], setting the
width of the radial basis kernel to 1 and the regularization pa-
rameter, , to 10, after normalizing the data, as in the work of
Mandel and Ellis [4].

D. Boosting (BST)

The boosting approach of Eck et al. [21] is similar to the
previous, SVM-based approach in that it is a discriminative ap-
proach that learns a binary classifier for each tag in the vo-
cabulary , from positive and negative training examples for
that tag. More specifically, it constructs a strong classifier from
a set of simpler classifiers, called weak learners, in an iterative
way. As weak learners, we use single stumps (i.e., binary thresh-
olding on one feature).

Again, a test song is classified by each of the binary classi-
fiers and Platt scaling applied to produce a probability estimate

for each tag .
We obtained the authors’ code [21] to run our experiments.

VI. EXPERIMENTAL SETUP

For two different datasets (one strongly labeled, one weakly
labeled), we evaluate how adding context modeling with
Dirichlet mixture models affects the performance of the var-
ious auto-taggers presented in the previous section, for music
annotation and retrieval. We also investigate how adding a
DMM-based context model compares to combining these
auto-taggers with other, previously proposed context models.
In this section, we discuss the datasets, the audio features and
the context models considered in these experiments, as well as
the metrics to evaluate the results.
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A. Music Datasets

For our experiments, we use two different annotated music
collections: CAL500 and CAL10k.

1) CAL500 Database: This dataset consists of 502 popular
Western songs by as many different artists [5]. Through a con-
trolled survey, each song has been tagged by at least three human
annotators using a semantic vocabulary of 149 tags. The vo-
cabulary is diverse and spans genres, instruments, vocal char-
acteristics, acoustic characteristics, emotions, and song usages.
The CAL500 dataset provides binary annotations, which are 1
when a tag applies to the song (i.e., at least two subjects voted
for the tag) and 0 otherwise. It’s a strongly labeled dataset in
that both positive (1) and negative (0) associations have been
verified. To accurately fit the DMM models, we restrict our-
selves to the subset of 97 tags that have at least 30 training
songs positively associated with them (11 genre, 14 instrument,
25 acoustic quality, 6 vocal characteristics, 35 emotion, and 6
usage tags).

2) CAL10k Database: CAL10k [35] is a collection of 10 870
songs from 4597 different artists, weakly labeled from a vocab-
ulary composed of 153 “genre” tags and 475 “acoustic tags.”
Each song is labeled with 2 to 25 tags. The song-tag associa-
tions for this dataset have been mined from the Pandora web-
site. As a result, CAL10k is a weakly labeled dataset: while the
presence of a tag means musicologists involved with Pandora’s
Music Genome Project assigned the tag, the absence of a tag
does not imply whether it applies or not. Each CAL10k tag has
at least 30 example songs positively associated with it.

B. Audio Features

The audio content of CAL500 songs is represented by timbral
descriptors, in particular Mel-frequency cepstral coefficients
(MFCCs) [36]. MFCCs are a popular feature for content-based
music analysis. They summarize the spectral content of a
short-time window (e.g., 20–50 ms) of an acoustic waveform
by using the discrete cosine transform to decorrelate the bins of
a Mel-frequency spectral histogram.

Since we have access to all audio clips of the CAL500
corpus, we extract from the audio signal those features that
the respective auto-tagging algorithms (GMM, CBA, SVM,
and BST) were originally proposed with. For GMM and CBA,
audio segments are represented as a bag of 39-dimensional
Delta-MFCC feature vectors. These feature vectors are ob-
tained by extracting half-overlapping, short-time windows (of
23 ms) from the audio signal, computing the first 13 MFCCs for
each window, and appending the first and second instantaneous
derivatives of the MFCCs (Deltas).

For the boosting algorithm, the audio signal is described as
a collection of 20-dimensional MFCCs, to capture timbral as-
pects, and a series of auto-correlation coefficients (computed for
lags spanning from 250 ms to 2000 ms at 10-ms intervals), to de-
scribe tempo and pitch. Both sets of features are computed from
100-ms windows that are extracted from the audio signal every
75 ms. Finally, for the SVM-based auto-tagger, the audio signal
is described using timbral descriptors and short-term temporal
features (to summarize beat, tempo, and rhythmic patterns). The
timbral descriptors are obtained as the mean and unwrapped
covariance of a clip’s 18-dimensional MFCCs, computed from

25-ms windows, extracted every 10 ms. The temporal features
are obtained by first combining the Mel frequency bands (of the
same 25-ms windows) into low, low-mid, high-mid, and high
frequencies, and then modeling the total magnitude in each of
these four (large) frequency bands over time (by using a DCT
to decorrelate the magnitudes of the Fourier transform of each
band).

More details about the audio features used by each of the
previous auto-tagging algorithms can be found in the corre-
sponding references, mentioned in Section V. For our experi-
ments, we generally set all parameters to the values reported in
those earlier works.

As copyright issues prevent us to obtain all CAL10k songs,
we represent their audio content using Echo Nest timbre features
(ENTs). This alternative representation can be obtained through
the Echo Nest service6 and does not require the user to own the
songs. ENTs are derived from slightly longer windows (gener-
ally between 100 and 500 ms). For each window, the Echo Nest
service calculates 12 “timbre” features (their exact calculation is
a trade secret of the company). Computing the first and second
instantaneous derivatives of these features leads to a 36-dimen-
sional Delta-ENT feature vector.

For experiments involving the CAL10k dataset, all auto-tag-
ging algorithms are trained and evaluated based on the timbral
Delta-ENT feature vectors only.

C. Models

To evaluate the benefit of context modeling with DMMs, we
first combine each of the semantic tag models, described in
Section V, with our DMM-based context model, as depicted in
Fig. 3. For each combination, we compare the annotation and re-
trieval accuracy to using the semantic tag models alone, without
DMM.

Second, we compare our generative, DMM-based approach
to context modeling with several recently proposed discrimina-
tive approaches based on SMNs. Most of these discriminative
approaches were developed and evaluated in combination with
a specific auto-tagger. In our experiments, we provide a more
general evaluation. As for the evaluation of DMM, we combine
each of these context models with all four semantic tag models
and report the resulting annotation and retrieval performance. In
particular, we compare with the following approaches:

1) Support Vector Machines (cSVM): Ness et al. [3] propose
to make tag predictions using SVMs based on semantic multino-
mials.7 We refer to this discriminative approach as cSVM (con-
text-level SVMs). To train cSVM, we first re-scale the SMNs so
that the minimum tag weight is 0 and the maximum 1 (min-max
normalization). We implement cSVM using LibSVM [34].

2) Boosting (cBST): Similar to cSVM, this discriminative
approach adopts a set of binary classifiers to predict tags based
on semantic multinomials8 [2]. The classifiers are based on
boosting and we refer to this model as cBST (context-level
boosting).

6http://developer.echonest.com.
7In their work, the SMNs are computed by auto-taggers based on SVMs as

well.
8In the work of Bertin-Mahieux et al. [2], the semantic tag models generating

the SMNs were also based on boosting, as described in Section V-D.
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3) Ordinal Regression (OR): Yang et al. [27] also propose a
discriminative approach to predict the relevance of a tag, based
on semantic multinomials.9 They model several levels of rele-
vance (as opposed to relevant versus irrelevant in binary classi-
fication) by formulating tag prediction as an ordinal regression
problem. For each tag , training songs are assigned to one of
four ordinal classes of decreasing relevance. The assignment is
based on all tags training songs are annotated with and the em-
pirically observed correlations of those tags with (by com-
puting Pearson coefficients over all training data). Moreover, be-
fore training a tag model, the training SMNs are preprocessed
by removing the tags that are weakly correlated (Pearson coeffi-
cient 0.2 or lower) to the target tag and, thus, probably irrelevant
for predicting it. Finally, an ordinal regression model is trained
for each tag , using the listNet algorithm [37]. This results in

ordinal regression models. Given a new, unseen song, the
relevance of each tag in the vocabulary is computed based on
these models. In our implementation, all the parameters have
been set to the values reported in the work by Yang et al. [27].

D. Evaluation Metrics for Annotation and Retrieval

Annotation performance is measured following the procedure
described by Turnbull et al. [5]. Test set songs are annotated with
the most likely tags in their semantic or contextual multi-
nomial. Annotation accuracy is measured by computing preci-
sion, recall and F-score for each tag,10 and then averaging over
all tags. Per-tag precision is the probability that the model cor-
rectly uses the tag when annotating a song. Per-tag recall is the
probability that the model annotates a song that should have
been annotated with the tag. F-score is the harmonic mean of
precision and recall. Precision, recall and F-score for a tag
are defined as

(14)

where is the number of songs that are annotated with
in the ground truth, is the number of songs automatically
annotated by the model with the tag , and is the number
of times is correctly used. In case a tag is never selected for
annotation, the corresponding precision (that otherwise would
be undefined) is set to the tag prior from the training set, which
equals the performance of a random classifier.

To evaluate retrieval performance, we rank-order test songs
for each single-tag query in our vocabulary, as described in
Section III-C. We report top- precision (P ), mean average
precision (MAP), and area under the receiver operating char-
acteristics curve (AROC), averaged over all the query tags [7].
P is the precision when the top- songs are retrieved, i.e., the
fraction true positives in the top- of the ranking. We consider

. MAP averages the precision at each point in the
ranking list where a song is correctly retrieved. The ROC curve

9To obtain the SMNs, Yang et al. [27] adopt an ordinal regression model that
is similar to their context model.

10We compute annotation metrics on a per-tag basis, as our goal is to build an
automatic tagging algorithm with high stability over a wide range of semantic
tags. Per-song metrics may get artificially inflated if a system consistently anno-
tates songs with a small set of highly frequent tags, while ignoring less common
tags.

Fig. 5. Effect of preprocessing SMNs before training DMM, cSVM and cBST
models. The SMNs are generated by a GMM-based auto-tagger. (a) Retrieval
performance (MAP) and (b) annotation performance (F-score). The dashed
line represents the performance achieved without context modeling, i.e., using
SMNs rather than CMNs.

is a plot of true positive rate versus false positive rate as we move
down the ranked list. AROC is computed by integrating the ROC
curve. It is upper bounded by 1. Random guessing would result
in an AROC of 0.5.

VII. RESULTS

After discussing the preprocessing of SMNs for DMM in
more detail, we provide annotation and retrieval results on the
CAL500 and CAL10k datasets.

A. Highlighting the Semantic Peaks for Training DMMs

The goal of the generative, DMM-based approach to context
modeling is to estimate class-conditional densities that detect
relevant contextual patterns in the SMNs while ignoring acci-
dental tag co-occurrences as noise. Highlighting the peaks in
the training SMNs is expected to aid this process by improving
the detection of relevant co-occurrence patterns and reducing
noise. As mentioned in Section IV-A, this is achieved by limiting
each training SMN to its most relevant peaks and reducing
the weights of all other tags to very low values. In particular, for
each tag , we compute the kurtosis for each training SMN,

, where . For peaked SMNs (with ),
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TABLE II
ANNOTATION AND RETRIEVAL RESULTS FOR CAL500. THE PERFORMANCE IS MEASURED WITH A VARIETY OF METRICS. THE FOUR FIRST-STAGE AUTO-TAGGERS

FROM SECTION V (GMM, CBA, BST, SVM) ARE EVALUATED WITHOUT CONTEXT MODEL (INDICATED AS “ALONE”), IN COMBINATION WITH THREE

PREVIOUSLY PROPOSED, DISCRIMINATIVE CONTEXT MODELS (CSVM, CBST, AND OR), AND IN COMBINATION WITH OUR GENERATIVE CONTEXT MODEL BASED

ON DIRICHLET MIXTURE MODELS (DMMS), RESPECTIVELY. THE BEST RESULTS FOR EACH FIRST-STAGE AUTO-TAGGER ARE INDICATED IN BOLD

we select tags, while for more uniform SMNs
(with ), we select tags. is computed as
the average kurtosis over all training SMNs associated with ,
i.e., .

To evaluate the effectiveness of this preprocessing step, we
first consider a simpler approach that selects the top- peaks for
all training SMNs (irrespective of their statistical properties).
We vary the threshold between 5 and and analyze how
this affects the annotation (F-score) and retrieval (MAP) perfor-
mance on the CAL500 dataset, when learning a DMM context
model over GMM-based SMNs. We use five-fold cross valida-
tion and annotate songs with the ten most likely tags in the an-
notation task. For comparison, we also learn cSVM and cBST
context models from the same preprocessed training SMNs.

The results, reported in Fig. 5, indicate that DMM-based con-
text modeling benefits from SMN preprocessing. The discrimi-
native models (cBST, cSVM), on the other hand, perform worse
when preprocessing training SMNs. Therefore, in the remainder
of this section, SMN preprocessing is applied only for DMM
training.

The kurtosis-based approach adapts the preprocessing to the
“shape” of the SMN. It selects more peaks for more uniform
SMNs and less for SMNs with more outspoken peaks. Com-
pared to using the same for all training SMNs, this improves
the F-score further to 0.251 and the MAP to 0.443.

B. Results on CAL500

Annotation and retrieval results for the CAL500 dataset
are presented in Table II, using five-fold cross-validation,

annotations with the 10 most likely tags, and kurtosis-based
SMN preprocessing for estimating DMMs as specified in
Section VII-A. The results show that all first-stage (semantic)
auto-taggers (GMM, CBA, BST, and SVM) benefit from
adding DMM-based context modeling (compared to being used
“alone,” i.e., without context model), across all performance
metrics for both annotation and retrieval. For retrieval, con-
text modeling often more clearly improves the precision-at-
metrics, which focus on the top of the ranked list of retrieval
results. For the end user of a semantic music search engine, the
quality of the top of the ranking is usually most important.

Most other approaches that leverage contextual tag correla-
tions (i.e., cSVM and OR) improve a majority of the perfor-
mance metrics, but often not as many as DMM improves: the
generative DMM approach is generally superior, irrespective of
the underlying semantic model. cBST, on the other hand, fre-
quently performs worse than all other context models and com-
bining it with a first-stage auto-tagger often does not improve
performance compared to not adding cBST.

In Table III, we analyze the retrieval results per tag category
(emotion, genre, instrument, etc.), for combining a GMM-based
semantic model with a variety of context models (qualitatively,
the results are similar for other semantic models). For categories
of tags that regularly co-occur with other tags in the vocabulary
(e.g., “Emotion,” “Instrument,” and “Acoustic,” as can be
seen in Fig. 1), most context models improve the semantic
model (“alone”), when combined with it. Combining semantic
models with the DMM-based context model provides the best
results, across all metrics. Categories of tags that co-occur
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TABLE III
RETRIEVAL RESULTS PER TAG CATEGORY, FOR CAL500. SEMANTIC

MULTINOMIALS ARE COMPUTED BY A GMM-BASED AUTO-TAGGER

AND EVALUATED WITHOUT CONTEXT MODEL (“ALONE”), AND IN

COMBINATION WITH A VARIETY OF CONTEXT MODELS (CSVM,
CBST, OR, AND DMM), RESPECTIVELY. THE BEST RESULTS

FOR EACH CATEGORY ARE INDICATED IN BOLD

less frequently with other tags (e.g., the “Usage” and “Vocals”
categories) still clearly benefit from DMM-based context mod-
eling. Adding other context models provides mixed results and
improves performance less than adding DMM. This indicates
that even only few co-occurrence patterns in the training data
provide enough “detectable” information for the generative,
DMM-based approach to improve auto-tagging performance,
as opposed to other approaches which do not seem to pick up
much contextual information. For the “Genre” category, co-oc-
currence patterns with other tags are not frequently observed
in the CAL500 dataset, as shown in Fig. 1. For this category,
adding any of the contextual models leads to mixed results
and improvements, if any, are small. A single outlier is cSVM
significantly improving P5. We do not have a good explanation
for the latter.

Table IV shows the top-10 retrieval results for the query
“piano,” both for GMM and the combination GMM-DMM.

TABLE IV
TOP-10 RETRIEVED SONGS FOR “PIANO.” SONGS

WITH PIANO ARE MARKED IN BOLD

Finally, Table V reports automatic 10-tag annotations for
some songs from the CAL500 collection, with GMM and
GMM-DMM.

C. Results on CAL10k

To analyze the previous systems when dealing with weakly
labeled data, we train them on the CAL10k dataset. Given the
weakly labeled nature of this corpus, it is not well suited to eval-
uate performance. Indeed, since the absence of a tag does not
imply it is not applicable to a song, true negative and false pos-
itive predictions cannot be reliably verified. Therefore, this ex-
periment is conducted by training models on CAL10k and eval-
uating them, reliably, on the (strongly labeled) CAL500 dataset.
The tags considered are the 55 tags that the CAL10k and the
CAL500 corpus have in common (spanning 22 genres and 33
acoustic qualities). Because of the smaller size of the vocab-
ulary, we automatically annotate each song with 5 (instead of
10) tags, in the annotation task. Again, kurtosis-based SMN
preprocessing is applied for estimating DMMs (as specified in
Section VII-A). As mentioned in Section VI-B, audio clips are
represented using Delta-ENT feature vectors for all experiments
involving CAL10k, to accommodate copyright issues.

Annotation and retrieval results are reported in Table VI.
The performance obtained after adding a DMM-based con-
text model is better than for adding any of the other context
models, for all metrics. In fact, none of the other approaches
to modeling context is really convincing: half or more of the
performance metrics in Table VI decreases when adding a
cSVM, cBST, or OR context model to a first-stage auto-tagger.
These three discriminative approaches are clearly suffering
from the weak labeling of the training data. The generative
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TABLE V
AUTOMATIC 10-TAG ANNOTATIONS FOR DIFFERENT SONGS. CAL500 GROUND

TRUTH ANNOTATIONS ARE MARKED IN BOLD

DMM-based approach, on the other hand, improves annotation
and retrieval performance for all reported metrics and first-stage
auto-taggers, compared to using the semantic level “alone,”
without DMM. Also, at the semantic level, it is observed that
the GMM-based generative approach outperforms all other
first-stage auto-taggers, for all annotation and retrieval metrics.
Finally, combining generative models at the semantic and the
contextual level, the tandem GMM-DMM results in the best
overall performance for training on this weakly labeled corpus.

VIII. CONCLUSION

In this paper, we have proposed a novel, generative approach
to modeling contextual relationships between tags to improve
automatic music tagging. In particular, for each tag, we estimate
a Dirichlet mixture model to capture typical tag co-occurrence
patterns (i.e., “context”) in semantic multinomials that songs as-
sociated with that tag have been annotated with. This results in

TABLE VI
ANNOTATION AND RETRIEVAL RESULTS FOR TRAINING ON CAL10K AND

EVALUATING PERFORMANCE ON CAL500, FOR THE 55 TAGS IN COMMON

BETWEEN BOTH DATASETS. GMM, CBA, BST, AND SVM ARE EVALUATED

WITHOUT CONTEXT MODEL (“ALONE”), AND IN COMBINATION WITH CSVM,
CBST, OR, AND DMM, RESPECTIVELY. THE BEST RESULTS FOR EACH

FIRST-STAGE (SEMANTIC) AUTO-TAGGER ARE INDICATED IN BOLD

a two-step approach: in a first stage, an existing auto-tagging
system that allows to annotate a song with a semantic multino-
mial is applied; in a second stage, the resulting semantic multi-
nomial is refined by a stage of Dirichlet mixture models, based
on contextual evidence. This results in a set of posterior tag
probabilities that provides a contextual description of the song,
i.e., a contextual multinomial. The generative character of this
approach makes it well suited for weakly labeled datasets and
naturally allows us to rank tags probabilistically for a song.

Experimental results demonstrate that modeling context
with DMMs improves performance when combined with a va-
riety of first-stage (semantic) auto-taggers, compared to using
the first-stage auto-taggers alone. Moreover, the generative
DMM-based approach generally outperforms other, discrimi-
native approaches to modeling context. Its superiority is more
outspoken when training on weakly labeled data. Examining
the performance per tag category reveals that DMM-based
context modeling most significantly benefits those categories of
tags that have been empirically observed to frequently co-occur
with other tags.

Finally, modeling patterns at the SMN level has the advan-
tage of working with a representation that is independent of the
low-level audio feature representation and the actual semantic
auto-tagging model used. Even more, SMNs obtained from dif-
ferent auto-taggers or with different audio features may be con-
catenated, re-normalized, and modeled, once again, as a sample
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from a (larger) Dirichlet mixture model. Future work will ex-
plore this approach as a way to integrate predictions from dif-
ferent auto-taggers or based on different audio features, at dif-
ferent time resolutions.
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