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Abstract

We consider the problem of online learning in a changing envi-
ronment under sparse user feedback. Specifically, we address the
classification of music types according to a user’s preferences for
a hearing aid application. The classifier, operating under limited
computational resources, must be capable of adjusting to types of
data not represented in the training set, and to changing user de-
mands. The user provides feedback only occasionally, prompting
the classifier to change its state. We propose an online learning al-
gorithm capable of incorporating information from unlabeled data
by a semi-supervised strategy, and demonstrate that the use of un-
labeled examples significantly improves classification performance
if the ratio of labeled points is small.

1 Introduction

Sound classification in changing acoustic environments in the context of a hearing in-
strument application poses a challenging problem that requires sophisticated online
learning strategies. The long-term goal is to design “smart” hearing devices, which
incorporate an adaptive environment sensitive controller. The controller changes
the program settings according to the current acoustic field and user preferences.
The application of machine learning algorithms to classify sounds for hearing aids
[1] has been explored, but such classifiers are primarily non-adaptive. Emerging
hardware technology allows the incorporation of user feedback. We consider the
sub-task of music classification according to user preference.

Our focus here is on online adaptation of classifiers. We propose a classification
algorithm based on additive expert ensembles [6] to tackle this problem. To cope
with the sparse feedback problem, we show how the online learning algorithm can
be combined with a label propagation algorithm for semi-supervised learning [3].
Experimental results show that the proposed classifier meets the requirements: It
can adjust to both new music and changes in preference. Moreover, incorporating
unlabeled data by label propagation significantly improves prediction performance
when labels are sparse.



2 Background

Online Learning. Most supervised learning algorithm operate under a batch
assumption: A complete, static set of training data is available prior to prediction.
In online learning [2] data points are available one at a time, with each observation
serving first as test, and then as training point. For a new data value, a prediction
is made. After prediction, a label is obtained, and the observation is included in
the training set. These methods only assume that the complete data sequence is
generated by the same instance of the generative process — if the process is restarted,
the classifier has to be trained anew. The data is not required to be i.i.d. Online
learning algorithms are expected to perform worse than a well-chosen batch learner,
but they are capable of dealing with both incrementally available data and data
distributions that change over time.

Semi-supervised learning. In semi-supervised learning [3], the system is pre-
sented with both labeled data X, and unlabeled data Xy. Unlabeled data is
commonly exploited in either of two ways: Directly, e.g. by nonparametric density
estimates used for risk estimation, or indirectly, by transferring labels from labeled
to unlabeled data. Both approaches are based on the notion that points sufficiently
“close” to each other are likely to belong to the same class, which implies regularity
assumptions on the class distributions: One is that the individual class densities
are sufficiently smooth. The other is that classes are well-separated, that is, the
density in overlap regions is small (and hence has small risk contribution).

3 Online Learning with random partial information

The learning problem described in the introduction is formalized as follows: We
start with a baseline classifier. New data values z; (sound features) are provided
sequentially, some of which are labeled by the user as y; € {—1,+1}. The feedback
label y; is assumed to be available between observations z; and z;41. If no feed-
back is provided, then y; = 0. Changes in the input data distribution may occur,
representing two cases:

e New concept: Data with a distribution not previously used in training is
introduced.

e Concept change: Labels are contradictory to previous ones.

The online aspect of the learning problem is addressed by means of an additive
expert ensemble [6]. The overall classifier is a weighted ensemble of up to Kpax
experts (component classifiers), denoted ;1 for time step ¢ and component k. The
experts are combined linearly with non-negative weights. Given a new, labeled
observation (x¢11,¥y:+1), the algorithm adjusts the classifier weights according to
current error rates of the experts. Good experts receive increased weights, whilst
poor experts are penalized or discarded.

As the application scenario requires a bounded memory footprint, previously ob-
served data cannot be stored indefinitely. We therefore window the learning al-
gorithm, that is, updates in each round are performed on a moving window of
constant size. Knowledge obtained from observations in previous rounds is stored
only implicitly in the state of the classifier, until new, contradictory information
votes against it.

Online learning algorithms adapt the classifier after each sample, and feedback is
provided to change the state of the classifier. In our setting, we adopt a passive
update scheme: If the performance of the classifier is perfect on the current window,



no learning updates are made. Furthermore, the learning algorithm is triggered
only if feedback is obtained for the current data point x;. In this case, both labeled
and unlabeled observations in the current window up to x; are used to change the
classifier.

Since the window size limits the amount of data available at once, direct density
estimation is not applicable. Hence, we employ a graph-based approach for label
transfer. The particular method used here is learning with local and global consis-
tency (LLGC) [5]. The data set is represented as a graph, with nodes encoding the
observations. Edges encode pairwise similarities (exponential of the negative eu-
clidean distance), collected in the adjacency matrix W of the graph. LLGC spreads
label information from labeled to unlabeled points by a discrete diffusion process
along the graph edges. The diffusion operator in Euclidean space is discretized
according to the graph’s notion of distance by the normalized graph Laplacian L.
The Laplacian is computed from the graph’s affinity matrix W and diagonal degree
matrix D;; := Zj Wi;, and is defined as L := D WDz,

The algorithm that we now introduce has two phases: A prediction step and a
learning step. For each sample x;, the algorithm executes a prediction step, upon
which, it may or may not obtain a label from the user. If feedback is obtained,
the algorithm executes a learning step. It takes four scalar input parameters:
a € [0,1) controls how rapidly label information is propagated. For the learning
step, 8 € [0,1] and v € R control the decrease of expert weights and the weights
of new experts, respectively. Furthermore, 7 specifies the window size.

Prediction step for x;:

1. Get expert predictions 71, ..., n, € {—1,+1}.
2. Output prediction: g; = sign(ZiV:”l Wy iMei)

Learning step (only if y; # 0: The algorithm first propagates labels to un-
labeled points, and then updates the classifier ensemble. The graph Laplacian
L, is updated for current window index ¢, for which the corresponding labels are

Ye = [Ye—r41, - 4e)
1. Propagation:

(a) Initialize estimate vector as Yt(o) =Y

(b) Iterate Yt(jH) = aLth(j) +(1- a)Yt(O)

(c) Assign each x; the label given by sign(gf*®!)
2. Learning:

(a) Update expert weights: wy41,; = wt’iﬁ[y#””]

(b) If §; # y¢, then add a new expert Ny;yq1 (and eliminate expert with

lowest weight), where the new expert is trained on the current window
N
of data: Wi+1,Nepy =7 Ziztl W, i
(¢) Update each expert on example z¢,y;

4 Experiments

For evaluation, we built a music database of 2000 files. The bulk of the database
are “classical music”, yielding 12 subclasses: opera (4 composers), orchestral music
(5 composers) and chamber music (3 types). A small set of very dissimilar music
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Figure 1: Cumulative Errors on learning concept changes versus ratio (percentage)
of available labels, shown for LSE (left) and Gaussian (right) experts. Results are
obtained by five-fold cross validation. Error rates at 0% correspond to the initial
static classifier. The peak in error rates is discussed in Sec. 4.2.

(pop) is used as the 13th subclass. MFCC features were extracted [4] as well as
means and variances of zero crossing, spectral center of gravity, spectral rolloff, and
spectral flux over entire songs.

4.1 Classifier Setting

The additive expert is based on an ensemble of simple component classifiers. Two
types of components were considered here: A least mean-squared error (LSE) clas-
sifier, and a full covariance Gaussian model (GM). The two principal differences
between the two classifiers are the fact that the GM constitutes a generative model,
whereas the LSE model is discriminative. The set of hyperplanes expressible in
terms of LSE is contained in the GM, which can additionally model quadratic sur-
faces.

A baseline model is first learned on an initial set of data. During the evaluation
phase, the remaining data is presented to the classifier sequentially. When no labels
are provided, the classifier does not update, such that values reported for 0% of
labels shows the performance of a static baseline classifier. When all labels are
provided, we obtain the conventional, fully supervised online learning scenario. For
both choices of experts, we compare the semi-supervised online algorithm to two
other learning strategies. The three variants shown in each of the diagrams are:

1. Xy takes the label hypothesized by the LLGC (semi-supervised).
2. Xy is ignored and not used for learning (X, only).



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

Results report cumulative error on the evaluation data, i.e. if §; denotes the label
predicted by the classifier for z¢, the error is given as Err = 1 ZtT:l[gjt # yi].

4.2 Experimental Results

Results are presented separately for two mismatch scenarios: change of concepts,
and introduction of new concepts. The experiments simulate behavior in adaptation
phases.

Learning a changed concept. The baseline model is trained on two sets
{opera, pop} (preferred) versus {orchestral, chamber} (not preferred). During
the evaluation phase, two orchestral subclasses and pop are reassigned. Fig. 1
shows the results for both GM and LSE models. When the proportion of label
data is low, using the unseen labels via LLGC yields significant improvements,
consistently outperforming the other approaches. At 0% the performance of
the initial baseline model is given. For very sparse labels, overfitting decreases
prediction accuracy. The peaks in error rates are due to a trade-off effect between
the information provided by the labels and the number of learning steps they
trigger. The decrease in performance is most notable for Gaussian experts, which
are more prone to overfitting. While the semi-supervised approach requires about
10% of labels to start improving upon the baseline method, between 20% (LSE)
and 40% (Gaussian) are required if the unlabeled data is neglected. At large label
ratios, the Gaussian model slightly outperforms the LSE. The semi-supervised
version of the model requires only about 40% of labels to reach optimal performance.

Learning a new concept. The second type of classifier adaptation is adjustment
to previously unobserved music. Of particular interest is the classifiers behavior
when the new concept substantially differs from those already incorporated in the
baseline model. In this experiment, the baseline model is trained on opera, and or-
chestral /chamber music. During the evaluation phase, orchestral Mahler and piano
are assigned to the opera class, whereas pop music and orchestral Shostakovitch to
the other class. Fig. 2 shows the results for the LSE classifier. As in the concept
change case, the amount of feedback required by online learning with LLGC is sub-
stantially smaller to achieve performance equivalent to that of the fully supervised
method.

5 Discussions and Conclusions

We have presented an algorithm for music preference learning that combines an on-
line approach to learning with a partial label scenario. The classifier tracks changes
in class distributions and adapts to data that differs from previous observations.
The integration of unlabeled data in the learning process improves performance
despite low levels of user feedback. A window-based design copes with the limits of
computational costs and memory requirements.

Our algorithm design does not make any assumptions about the base learner. In
principle, any classification algorithm may be used, e.g., the proposed algorithm may
be extended by kernelization of the LSE base learner, which generalizes decision
boundaries beyond the linear case. We expect our method to be a step toward
adaptivity in the control of “smart” hearing devices.
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Figure 2: Cumulative Errors on learning new concepts
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