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ABSTRACT sparse feedback problem, we show how the online learning al-

We consider the problem of online learning in a changing environdorithm can be combined with a label propagation algorithm for
ment under sparse user feedback. Specifically, we address the clasi§Mi-supervised learning [4]. Music data are well-suited for semi-
fication of music types according to a user’s preferences for a hearingjPervised methods, which attempt to improve classification perfor-
aid application. The classifier has to operate under limited compul1nce by incorporating unlabeled data into the training process. The
tational resources. It must be capable of adjusting to types of dadgta dlstrlbutlon_has to fu_lflII regularity assumptions for a§ucces§ful
not represented in the current training set, or changes in the usef&@nsfer of label information from labeled to unlabeled points which
preferences. The user provides feedback only occasionally, promﬂﬂ-‘)'ds f(.)r. music data with similar types of instrumentation. Training
ing the classifier to change its state. We propose an online learnirfy classifier to separate preferred from non-_preferred cl_asses results
algorithm capable of incorporating information from unlabeled datdl @ Preference structure of considerably finer resolution than the
by a semi-supervised strategy, and demonstrate that the use of unfmmon genre classifications. Experimental results show that the

beled examples significantly improves classification performance jProPosed classifier meets the requirements: It can adjust to both
the ratio of labeled points is small. new music and changes in preference. Moreover, incorporating un-

. ) . . . labeled data by label propagation significantly improves prediction
Index Terms— Online Learning, Semi-Supervised Learning, performance when labels are sparse.

Music Classification

1. INTRODUCTION 2. BACKGROUND

nline Learning. Most supervised learning algorithm operate un-
er a batch assumption: A complete, static set of training data is
ssumed to be available prior to prediction. Additionally, at least

Sound classification in changing acoustic environments poses a ch
lenging statistics or machine learning problem that requires sophistg

cated online learning strategies. We address the sound classificatip& theoretical analysis, training data is assumed to be i.i.d., condi-

protl)l_en: |ndth<_a (;.]opt;xtr?,frz]i h?i”ng.;”d aﬁp';}"?g'or‘r- Trhf lor;]g'tgmlional on the class. Online learning [5] generalizes this scenario by
goal Is 1o design 'smart’ hearing aids, which incorporate an a apéssuming data points to be available one at a time, with each obser-

tive amplification unit and an environment sensitive controller. Thevation serving first as test, and then as training point. For a new data

controller changes the amplification program according to the cury, lue, a prediction is made. After prediction, a label is obtained,

rent properties of the input data and user preferences. A number 3hd the observation is included in the training set. These methods

authors_have considered a_pplic_ation of machine_ !earning algorithmgnly assume that the complete data sequence is generated by the
to classify sounds for hearing aids [1], but classifiers are usually 8%ame instance of the generative process — if the process is restarted,

sume_d to be factory-tram_ed. An emerging technolpgy is the INCOMLe classifier has to be trained anew. The data is not required to be
poration of feedback provided by the user. We consider a sub-task .1.d. On the theoretical side, well-known concentration-of-measure

such pro_blgms, the clgssification of music [2] into t.WO classes (suc ounds of standard supervised learning are replaced by guarantees
as like-dislike) accord_lng to us.er preference. Algorithms should Sal3n the algorithm’s performance relative to an optimal adversary, op-
isfy a number of requirements: erating under identical conditions. In an i.i.d. batch scenario, on-
1. Online adaptation: The classifier may come with a factoryline learning algorithms must be expected to perform worse than a

setting, but has to adapt to the preferences of an individualvell-chosen batch learner, but they are capable of dealing with both

user, preference changes and new types of music. incrementally available data and data distributions that change over
2. Sparse feedback: A user cannot be expected to provide a cotime.
stant stream of labels. Semi-supervised learningln semi-supervised learning [4], the sys-

3. Passivity: The user can provide feedback to express discor‘l‘-em is presented with both labeled data_¢, denoted an_d unlabe_led
tent with current performance. Hence, unless at least som&_‘ataxl/ " The unlabeled dat_a can provide valuable |nform§t!on _for
feedback is received, the classifier should remain unchange e tralnlng process. The ”S.k (expect_ed error) of a classifier In a

o ] o . 7 given region of feature space is proportional to the local data density
4. Efficiency: Feature extraction, training and dat_a Class'f'cat'orlunder the commonly used, spatially uniform loss functions). To
have to be performed online by a portable device. achieve low overall risk, a classifier should be most accurate in re-
To address the adaptation and online problems, we proposegons with high data density. Class density estimates obtained from
classification algorithm based on additive expert ensembles [3]. Premlabeled data can be used to inform training algorithms on where to
dictions of a fixed number of classifiers are combined by weightedocus. Unlabeled data is commonly exploited in either of two ways:
majority. The weights are updated at each iteration, such that welBirectly, e.g. by nonparametric density estimates used for risk esti-
performing classifiers make large contributions. To cope with themation, or indirectly, by transferring labels from labeled to unlabeled



data. Both approaches are based on the notion that points sufficientpmbination with the (windowed) online algorithm, the graph size
“close” to each other are likely to belong to the same class, whiclis constantly bounded. Label propagation spreads label informa-
implies regularity assumptions on the class distributions: One is thdton from labeled to unlabeled points by a discrete diffusion process
the individual class densities are sufficiently smooth. The other iglong the graph edges. The diffusion operator in Euclidean space is
that classes are well-separated, that is, the density in overlap regiodscretized according to the graph’s notion of distance by the nor-
is small (and hence has small risk contribution). If these are noinalized graph Laplacian. The latter is computed from the graph’s
satisfied, unlabeled data should be used with care, as it may be detaffinity matrix W and diagonal degree matrix. The entries ofV/

mental to system performance. are pairwise distances, addis computed a®;; := > W;;. The
normalized graph Laplacian is then definedas= D WD %,
3. ONLINE LEARNING WITH RANDOM PARTIAL For each sample,, the algorithm executes a prediction step,
INFORMATION then possibly obtains a label either as user feedback or by label prop-

agation, and finally executes a learning step. It takes three scalar
The learning problem described in the introduction is formalized asnput parameters: A trade-off parametere [0,1) controls how
follows: We start with a baseline classifier (factory setting). Newrapidly label information is transferred along the edges during the
data values; (sound features) are provided sequentially. Some opropagation step. For the learning stgp,c [0,1] andy € R
these observations are labeled by the usep,as {—1,+1}. The  control the decrease of expert weights and the coefficients of new
feedback label, is assumed to be available between observationgxperts, respectively. The prediction stepdoiis
x¢ andz¢41. If no feedback is provided, them = 0. Changes in - _
the input data distribution may E))ccur, representing two cases: 1. Getexpert predictiony.y, ..., .., € {—1,+1}.

. . ~ Nt . _ .
e New concept: Data with a distribution not previously used in 2. Output predictiongj, = argmaxeey 3 ;1 weilc = 1]

training is introduced. The learning step is executedyif # 0. The algorithm first propa-

gates labels to unlabeled points, and then updates the classifier en-

semble. The graph Laplaciair has to be updated for the current
The online aspect of the learning problem is addressed by meangndow indext.

of an additive expert ensemble [3]. The overall classifier is an ensem-

ble of up to Kn.x Weighted experts (component classifiers), denoted

e Concept change: Labels are contradictory to previous ones.

1. Propagation:

¢,k for time stept and componert. The experts are combined as (a) Initialize estimate vector 8§ = Y,

a linear combination with non-negative weights. Given a new, la- N () - (0)
beled observatiofiz, {1, y:+1), the algorithm adjusts the classifier (b) lterateY =alYy” + (1 - )Y,
weights according to current error rates of the experts. Components (c) Assign eachy; the label given by sig™)

performing well on the current data set receive large weights. Addi- )

tionally, new experts are introduced, and poor performing experts are 2. Learning:

discarded to bound the total numii€f of components by ... As (a) Update expert weightso;+1,; = wy iﬁ[y”’“’tvi]
the application scenario requires a bounded memory footprint, previ- ’ ’

ously observed data cannot be stored indefinitely. We therefore win- (0) If g # ye, then ad]% anew expemVi i1 = Ny + 1
dow the learning algorithm, that is, updates in each round performed Wed1,Nppy = 7 Doimy Wi
on moving window of constant size. Knowledge obtained from ob- (c) Update each expert on examplgy:

servations in previous rounds is stored only implicitly in the state of o ] ] o o
the classifier, until new, contradictory information votes against it. DU€ to the limited window size, the label propagation is efficient, and
Standard online learning algorithms adapt the classifier aftefun until equilibration. The first step interpolates the label of each
each sample. We assume that feedback is provided only to changglabeled point from all other nodes. Due to similarity-weighted
the state of the classifier. While the system is performing to th&dges, only points close in feature space have a significant effect.
user's satisfaction, no feedback should be required. The learningurther steps correspond to longer-range correlations, i.e. affecting
algorithm therefore incorporates a passive update scheme: If rigPdes over paths of length 2, 3 etc. Allowing the graph to equilibrate
feedback is received, the classifier remains unchanged. The IearniH2§r6f9re improves the quality of results for uneven distribution of
algorithm only acts if the current data pointis labeled by the user. 'abels in feature space. Once the propagation step terminates, class
In this case, observations in the current window upare used to  @sSignments for the unlabeled input points are determined by the po-
change the classifier. larity of their accumulated_mass. The resulting hypothesized labels
To integrate unlabeled data into the learning process, the onlin@'® Presented to the classifier ensemble as “true” labels.
learning algorithm is combined with a semi-supervised approach.
The method we employ is a graph-based approach for label transfer, 4. EXPERIMENTS
a choice motivated in particular by the window-based online method.
Since the window size limits the amount of data available at oncef-or evaluation, we built a music database of 2000 files. The bulk
direct density estimation is not applicable. Graph-based methods aof the database are “classical music”: operargdel, Mozart, Verdi
known for good performance on reasonably regular data. Their prirand Wagner), orchestral music (Beethoven, Haydn, Mahler, Mozart,
cipal drawback, quadratic scaling with the number of observationsShostakovitch) and chamber music (piano, violin sonatas, and string
is eliminated by the constant window size. The particular methodjuartets). A small set of pop music was also included to serve as
used here is known as label propagation [6]. Data points are regardédissimilar” music.
as nodes of a fully connected graph. Edges are weighted by pairwise Features are computed from 20480 Hz mono channel raw
similarity weights for data points (such as Euclidean distance or negsources. We compute means of 12 MFCC components [7] and
ative exponential distance). In large-sample scenarios, the computtieir first derivatives, as well as means and variances of zero cross-
tional burden for fully connected graphs is often prohibitive, but ining, spectral center of gravity, spectral rolloff, and spectral flux.
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Fig. 1. Visualization of data onto two-dimensional space usingFig. 2. Cumulative Errors on learning concept changes versus ratio

Fisher LDA. We observe substructures in the data and smooth trangipercentage) of available labels, shown for LSE (left) and Gaussian

tions, e.g. from piano to piano concertos (pnz) to symphonies (s:*)right) experts. Results are obtained by five-fold cross validation.

The categories pop, opera (0:*) and chamber music are identifiableError rates at 0% correspond to the initial static classifier. The peak
in error rates is discussed in Sec. 4.2.

In total we obtain a 32-dimensional feature vector per file. Fig. 1 ) .
shows a two-dimensional Fisher linear discriminant analysis (LDA) 1. Xuv takes the label hypothesized by the label propagation
projection of features averaged over each song or track (i.e. one  (Seémi-supervised).
point per track in the plot). Since the current study focuses on the 2. Xy is ignored and not used for learnin {, only).
classification algorithm, we do not consider higher-level features
(8l

Results reported here use signatures of complete songs. A real- ) . )
world application would, of course, have to use partial signature§335U|t3 are rgported in terms of cumul_atlve error on the_ _evaluatlon
such that the system can react to new music without long delayélata. Thatis, it denotes the label predicted by the classifienfar
Reference experiments with a static classifier show that between 20 error is measured as Eer 7 5=, [9: # vi-
and 60 seconds of music are required to obtain a reliable classifica-
tion for the current features. Strategies for allowing the classifier tet.2. Experimental Results
act early are beyond the scope of this article; cf Sec. 5 for a brie
discussion.

3. Xy takes the label hypothesized by the current classifier
(classifier labels).

E?esults are presented separately for two mismatch scenarios: change
of concepts (i.e. of user preferences), and appearance of new con-
cepts. The experiments simulate behavior in adaptation phases. Dur-

4.1. Classifier Setting ing normal operation, the user need not provide any labels. Since the

N ] ] classifier is passive, user action is required only in order to prompt
The additive expert is based on an ensemble of simple componefe system to adapt.

classifiers. Two types components were used in the experimentgearning a changed concept.The baseline model is trained on 2
A least mean-squared error (LSE) classifier, and a full covariancgets consisting of subclustefs:*, pop} and{s:*, strqts,png. Dur-
Gaussian model (GM) The decision surfaces of the individual Com'mg the evaluation phase’ subclusters s:mabh, s:sho and pop are reas-
ponents are hyperplanes in the LSE case, and quadratic hypersdfgned to the opposite classes. Fig. 2 shows the results for both GM
faces for the GM. (Using a Gaussian mixture instead of an |nd|V|dUaénd LSE models. When the proportion of label data is low, using the
Gaussian for each class proved not to be useful in preliminary expefmseen labels via label propagation significantly improves system
iments.) The two principal differences between the two classifierperformance. In all experiments conducted, the semi-supervised al-
are the fact that the GM constitutes a generative model, whereas th@rithm consistently outperforms the other approaches until at least
LSE model does not, and that the GM is more powerful. The sehphout 80% of labels are available. The error rate at 0% is the perfor-
of hyperplanes expressible in terms of LSE is included in the GMmnance of the initial baseline system. Initially, for very small num-
as a special case. Higher expressive power comes at the price gérs of labels, overfitting to the labeled subset decreases prediction
higher model complexity (id-dimensional space, the GM estimates gccuracy with respect to the baseline. Interestingly, for small label
2% (d+ @) parameters, compareddot+ 1 for the LSE). ratios, overfitting effecténcreasewith the number of labels, until

A baseline model is first learned on an initial set of data. Duringthe error peaks and then decreases. More labeled points mean more
the evaluation phase, the remaining data is presented to the clasadjustment steps, and therefore stronger overfitting if the available
fier sequentially. When no labels are provided, the classifier doeimformation is insufficient. Hence, the peaks in error rates are due a
not update, such that values reported(@ shows the performance trade-off effect between the information provided by the labels and
of a static baseline classifier. When all labels are provided, we olthe number of learning steps they trigger. The decrease in perfor-
tain the conventional, fully supervised online learning scenario. Fomance is most notable for Gaussian experts, which are less robust
both choices of experts, we compare the semi-supervised online ahan the LSE experts. In a real-world implementation, one would
gorithm to two other learning strategies. The three variants shown inhoose the baseline classifier until a minimum ratio of labels is avail-
each of the diagrams are: able. While the semi-supervised approach requires about 10% of
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Fig. 4. Cumulative Errors on learning new concepts

Fig. 3. Absolute error improvement of semi-supervised system 0Vegnssen accordingly. Adaptation speed has to be traded of against re-

comparison strategies (100 random runs). liability, to prevent the device from oscillating back and forth due to
initially unreliable estimates. Since different types of music are more
or less quickly recognizable, one may consider estimating reliabil-

labels to start improving upon the baseline method, between 20%y scores for classification results to control changes in the current

(LSE) and 40% (Gaussian) are required if the unlabeled data is ngontrol program of the system.

glected. At large label ratios, the Gaussian model slightly outper-  Our algorithm design does not make any assumptions about the

forms the LSE. The semi-supervised version of the model requiregase learner. In principle, any classification algorithm may be used,

only about 40% of labels to reach optimal performance. e.g., the proposed algorithm may be extended by kernelization of the

To evaluate the average behavior of the system when the changSE base learner, which generalizes decision boundaries beyond the

of concept is not hand-picked, we generated 100 random runs dihear case. We expect our method to be a step towards adaptivity in

groupings of the subclusters. For each case, four subclusters revetse control of “smart” hearing devices.

their labels during evaluation phase. Fig. 3 plots the absolute imAcknowledgement. The authors gratefully acknowledge financial

provement in error rates of the semi-supervised method over the twsupport by a grant from KTI.

comparison classifiers, showing behavior consistent with the results

in Fig. 2.

Learning a new concept. The second type of classifier adaptation

is adjustment to previously unobserved music. Of particular interesrttl] M. Biichler, S. Allegro, S. Launer, and N. Dillier, “Sound classi-
is the classifiers behavior when the new concept substantially differs " fication in hearing aids inspired by auditory scene anlysisii-

from those already incorporated in the baseline model. In this exper- g of Applied Signal Processingol. 18, pp. 2991-3002, 2005.
iment, the baseline model is trained on opdfa*}, and classical . B . I
orchestral/chamber music. During the evaluation phase, “moderrt2] G- Tzanetakis and P. Cook, *Musical genre classification of
music (Mahler and piano) are assigned to the opera class, and pop 2udio signals,"IEEE Trans. on Speech and Audio Processing
music and Shostakovitch to the other class. Fig. 4 shows the results vO!- 10, no. 5, 2002.

for the LSE classifier. As in the concept change case, the amount 8] J. Z. Zolter and M. A. Maloof, “Using additive expert ensembles
feedback required by online learning with label propagation is sub-  to cope with concept drift,” inProceedings of the 22nd Intl
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to incorporate strategies that enable the algorithm to classify a new
piece of music as early as possible. Acoustic features should be



