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Abstract
Redundant instances in subjective speech phenomena may cause increased training time and performance degradation of a classifier
like in other pattern recognition tasks. Instance selection, aiming at discarding some ‘troublesome’ instances and choosing the most
informative ones, is a way to solve this issue. We thus propose a tailored algorithm based on human Agreement levels of labelling and
class Sparseness for learning Instance Selection – ASIS for short. Extensive experiments on a standard speech emotion recognition
task show the effectiveness of ASIS, indicating that by selecting only 30 % of the training set, the system performance significantly
outperforms training on the whole training set without instance balancing. In terms of performance it remains comparable to the
classifier trained with instance balancing, but at a fraction of the training material.
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1. Introduction
Instance selection is important in many pattern recognition
tasks. This includes in particular also the field of auto-
matic recognition of (often highly) subjective paralinguis-
tic speech phenomena, such as speakers’ emotion, inter-
est, sleepiness, intoxication, or voice likability. There are
three main reasons why instance selection is worth consid-
ering: Following the idea of “there is no data like more
data”, many efforts have recently been undertaken to col-
lect and/or create large amounts of data with the aim to im-
prove recognition performance: more manual annotations,
aggregation of multiple corpora (Schuller et al., 2011), and
semi-supervised learning or co-training (Zhang et al., 2011;
Zhang et al., 2013). However, as the size of the data set
which is used to train a classifier increases, the complexity
of the models and the training time increases (Schuller et
al., 2012b). Even though, for most commercial applications
classifiers training is done once and is not a time critical op-
eration, faster training times gives companies a competitive
advantage. Researchers, on the other hand, will train many
models when optimising parameters and testing new meth-
ods. Thus, they largely benefit from reduced training times.
Another main reason is the subjectivity of the paralinguis-
tic phenomena. Unlike traditional pattern recognition tasks
where a true ‘ground truth’ is available, those tasks only
have ‘gold standard’ labels, which are often assigned by
(sometimes weighted) majority voting over multiple human
ratings. In fact, instance labelling for such tasks highly
depends on the labellers’ personal judgement. For music
mood, for example, some would consider a musical piece
more sad or happy than others or even have opposing views
due to personal associations with a song. The same holds
for speaker emotion or likability recognition (cf. (Sneddon
et al., 2012; Schuller, 2013)). Instances with high labeller
uncertainty could potentially cause the model to over-fit
these ‘noisy’ instances resulting in increased complexity
(Angelova, 2004). This thus would deteriorate the gener-

alization performance.
The last reason relates to the imbalance of the number
of instances among classes, which is most pronounced
in databases with natural and spontaneous speech, where
‘neutral’ speech is much more frequent than clear cut cases
of emotional or other target speech. This leads to the
fact, that some models tend to favour the majority classes
and thus show a bad performance on the sparse (minority)
classes. However, these sparse classes are usually of most
interest in practical applications.
Therefore, a reduction of the amount of training instances
is beneficial if the following two criteria are met: 1) Equal
or improved performance. That is, the model trained on a
subset should perform equally to or better than the model
trained on all instances; and 2) Reduction of training time.
To this end, we propose an instance selection method in this
paper which is based on human labeller agreement level and
class sparseness. The two main contributions of this paper
are: 1) We investigate whether pruning of the instances with
the lowest labeller agreement improves performance; and
2) After pruning we select an equal amount of instances
from each class in order to produce a set with a balanced
number of instances of each class.

1.1. Related Work
In pattern recognition, numerous methods have been pro-
posed and investigated in the literature for solving the data
selection problem. Most of them can be assigned to one
of the following two groups from a technical point of view
(Liu and Motoda, 2002; Olvera-López et al., 2010):
The first group is wrapper-based selection, where the selec-
tion criterion is based on the accuracy obtained by a clas-
sifier (Olvera-López et al., 2010). Those instances that do
not improve predictive performance of classification will
be discarded from the training set. Most of the wrapper-
based selection methods are related to the k-nearest neigh-
bour classifier (Cover and Hart, 1967) like the Condensed
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Nearest Neighbour (CNN) (Hart, 1968), Selective Nearest
Neighbour rule (SNN) (Ritter et al., 1975), or Decremen-
tal Reduction Optimisation Procedure (DROP) (Wilson and
Martinez, 2000). With CNN, for example, the instances
misclassified by the classifier will be selected and added
into the initial training set.
Unlike wrapper-based selection methods, filter-based se-
lection methods in the second group attempt to select the
instances by means of sampling or clustering, without de-
pending on a prediction of a classifier (Olvera-López et al.,
2010). Among them, a prominent algorithm is RANdom
SAmple Consensus (RANSAC) proposed by Fishler and
Bolles (Fischler and Bolles, 1981). It uses a data set as
small as possible to determine model parameters – mostly
used for estimating homography transformation matrices in
computer vision. Then, other data are tested against the es-
timated model and those data which fit the model within
a predefined tolerance ε will be considered part of a con-
sensus set. Whenever the ratio of the number of consensus
data to the total number data in the set exceeds a prede-
fined threshold, the model parameters are re-estimated us-
ing all consensus and all initial data. This procedure is re-
peated a fixed number of times. Another example is the Pat-
tern by Ordered Projections (POP) (Riquelme et al., 2003)
which discards interior instances and selects some border
instances, where a border instance is defined by its near-
est neighbour belonging to other classes, and an interior
instance is defined by its nearest neighbour belonging to
the same class. In addition, to address the issue of class
imbalance, e. g., Garcia et al. proposed a scalable instance
selection method in (Garcı́a-Pedrajas et al., 2013).
However, most of these methods are developed for ob-
jective pattern recognition tasks with a definite ground
truth, such as face recognition (Angelova et al., 2005),
textual news classification into groups (Fragoudis et al.,
2002), speech recognition, or language translation (Wu
et al., 2007; Lu et al., 2012). Even though there is
some work dealing with subjective pattern recognition tasks
(e. g., (Erdem et al., 2010) which selects a training sub-
set by RANSAC for emotion recognition), the influence of
labelling uncertainty on recognition performance has not
been considered directly nor has the class imbalance prob-
lem been addressed. These two issues are the focus of the
work presented in this paper.
In the following, we introduce the details of our proposed
instance selection algorithm in Section 2.. Then, we de-
scribe the databases used for the experiments and discuss
the results of the proposed instance selection algorithm in
Section 3.. Finally, we draw the conclusions in Section 4..

2. Methodology
The main idea of our algorithm is to discard the instances
with low labelling agreement and afterwards sub-sample
the data set by selecting an equal amount of instances for
each class from the remaining instances.

2.1. Human Agreement Levels
To measure human inter-rater agreement levels, we em-
ploy Fleiss’ frequently used Kappa coefficient, which is ex-
pressed as:

κ :=
p0 − pc
1− pc

, (1)

where p0 is the observed agreement of labellers, and pc is
chance-level agreement. In the case of a single instance,
the probability of p0 can be simplified by estimating the
proportion of cases in which labellers agree on a common
category:

p0 =
M∑

m=1

ηm
M
, (2)

where ηm ∈ (0, 1) stands for a binary annotation of a spe-
cific category, and M is the number of labellers. Thus, the
difference p0 − pc indicates the proportion of cases where
‘beyond-chance agreement’ occurs. It is normalized by the
probability of disagreement 1 − pc which is expected by
chance.

2.2. ASIS: Agreement and Sparseness-based Instance
Selection

The details of the proposed algorithm are presented in Al-
gorithm 1. It includes two steps: Agreement-based Instance
Selection (AIS) and Sparseness-based Instance Selection
(SIS).
The AIS step aims at discarding the most noisy instances
mainly caused by high disagreement of human labelling. In
this process, we prefer to proportionally discard instances
across classes. On the one hand, it prevents the case of
potential maldistribution of instances which might result
in discarding such instances mainly belonging to certain
classes, especially the sparse ones. On the other hand, it
probably improves the separability of classes by potentially
removing instances close to the class boundary in the fea-
ture space. Therefore, the larger we choose the discarded
subset (PD[%]) to be, the fewer instances – relatively seen
– might be located near the class boundaries, and the less
complex the model becomes.
The SIS step randomly selects an equal number of instances
from each class set with the aim of coping with the class
sparseness problem. Note, that in the case of a class bal-
anced task the size of the selected subset (PS [%]) will sat-
isfy PD + PS ≤ 1, while in the case of a class imbal-
anced task, PS is limited by the instance count of the most
sparse class. This problem could be eased to some extent
by loosening the constraint of ending up with a balanced
distribution of instances after sub-sampling, i. e., the miss-
ing amount of instances of the sparse classes can be filled
in with instances from the abundant classes. In this paper,
however, we adhere to the strict rule of balanced selection
and evaluate binary tasks only as straightforward examples.

3. Experiments
To evaluate the effectiveness of our algorithm, we selected
two well-standardised machine learning tasks and accord-
ing data from the INTERSPEECH 2009 Emotion Chal-
lenge (Schuller et al., 2009) and the INTERSPEECH 2012
Speaker Trait Challenge (Schuller et al., 2012a). Both
are of highly subjective nature and together they cover the
spectrum from short-term (emotion) to long-term (likabil-
ity) speaker traits. In the following, the two according
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Algorithm 1: ASIS: The proposed agreement and
sparseness-based instance selection algorithm.
Input:
D: Database of N instances annotated in classes Ci

(i = 1, · · · , k) and corresponding human agreement levels
l;
PD: Size of discarded subset with low human agreement
levels (percentage of the full training set);
PS : Size of selected subset (percentage of the full training
set);
k: number of classes;
Output:
S: Subset of database D;
Process1

Obtain the proportional distribution of each class Ri2

(i = 1, · · · , k) in the training set of D;
(Step: Agreement-based Instance Selection (AIS))3

for i = 1, · · · , k do4

Sort the instances that are annotated as class Ci by5

human agreement levels l from low to high, producing
queue Qi;
Delete nDi = N × PD ×Ri instances which are at the6

beginning of Qi;
end7

(Step: Sparsness-based Instance Selection (SIS))8

for i = 1, · · · , k do9

Randomly select nSi = N × PS�k instances10

belonging to class Ci;
end11

Fuse nSi (i = 1, · · · , k) into one output subset S.12

databases are introduced and then the results obtained on
these sets are described.

3.1. Emotion: FAU Aibo Emotion Corpus
The FAU Aibo Emotion Corpus (Steidl, 2009) is the official
corpus of the INTERSPEECH 2009 Emotion Challenge
(EC) (Schuller et al., 2009). It contains recordings of chil-
dren interacting with Sony’s pet robot Aibo. The language
is German. The Wizard-of-Oz controlled Aibo robot some-
times disobeyed children’s commands, thereby provoking
various emotional reactions. The recording was done at
two different schools – MONT and OHM –, and features
51 children with 21 boys and 30 girls at ages ranging from
10 to 13 years. Five labellers listened to the turns in se-
quential order and labelled each word independently from
each other as neutral or as belonging to one of ten other
emotion classes. In the challenge, the final labelling and
human agreement levels for chunks are determined by ma-
jority voting on labels of the five labellers on the word level
onto one label for the whole chunk. Then, chunks were
grouped into the 2-class labelling: NEGative (subsuming
angry, touchy, reprimanding, and emphatic) and IDLe
(consisting of all other states). Fig. 1 (a) shows the instance
distribution of the training set with human agreement lev-
els. For our experiments, we use the whole corpus consist-
ing of 18 216 chunks, where the training set includes 3 358
‘NEG’ and 6 601 ‘IDL’ instances, and the test set consists
of 2 465 ‘NEG’ and 5 792 ‘IDL’ instances. Note that, for

the sake of balancing categories, some instances with nega-
tive human agreement level also belong to the class ‘NEG’.
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Figure 1: Number of instances with human agreement lev-
els in the AEC (a), and SLD (b).

3.2. Likability: Speaker Likability Database

The Speaker Likability Database (SLD) (Burkhardt et
al., 2010) was the official corpus of the Likability Sub-
Challenge in the INTERSPEECH 2012 Speaker Trait Chal-
lenge (STC) (Schuller et al., 2012a). The speech is recorded
over fixed and mobile telephone lines at a sample rate of
8 kHz. An age and gender balanced set of 800 speakers
is selected. For each speaker, the longest sentence (con-
sisting of a command embedded in a free sentence) was
selected. Likability rating was executed by 32 labellers ac-
cording to how well they personally liked the voices. They
were asked not to take into account the linguistic content or
the transmission quality. The rating was done on a seven
point Likert scale ([-3, -2, -1, 0, 1, 2, 3]). To establish a co-
herent consensus from the highly individual likability rat-
ings, the evaluator weighted estimator (EWE) (Grimm and
Kroschel, 2005) was used in the challenge. It uses higher
weights for more agreeable labellers. Based on the median
EWE rating of all stimuli in the SLD, the data was discre-
tised at the threshold of 0.108 into the classes—‘likable’ (L,
EWE > 0.108) and ‘non-likable’ (NL, EWE < 0.108).
The final challenge set of 800 instances is partitioned as
follows: training set (L, 189; NL, 205), development set (L,
92; NL, 86), and test set (L, 119; NL, 109). Fig. 1 (b) shows
the instance distribution along with human agreement lev-
els. Here, we slightly modify Kappa as follows:

Adapted F leiss′ κ :=

∣∣∣∣ pewe − pt
pewemax

− pt

∣∣∣∣ , (3)

by replacing the pc with the threshold of ‘L’ and ‘NL’ pt at
0.108, po with the EWE values pewe, and 1 with the max-
imum EWE value of pewe. Therefore, the instances with
an EWE value near 0.108 are considered as low agreement
and vice versa.
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3.3. Protocol and Results
As in the challenge tasks, we evaluate performance in terms
of unweighted average recall (UAR). In addition, we use
the original challenge feature sets for the tasks of emotion
and likability recognition in our experiments. Thus, for
emotion recognition, we use 384 features resulting from a
systematic combination of 16 low-level-descriptors (LLDs)
and corresponding first order delta coefficients with 12
functionals (Schuller et al., 2009); for likability recogni-
tion, we utilize 6 125 features by brute-forcing based on
64 LLDs and 61 functionals (Schuller et al., 2012a) – all
features are extracted with the open-source toolkit openS-
MILE (Eyben et al., 2010). In the same vein, we keep
the classifiers, their implementations, and parameters as in
Challenges: for emotion recognition, Support Vector Ma-
chines (SVMs) trained by Sequential Minimal Optimiza-
tion (SMO) with polynomial kernel (degree 1) and a com-
plexity constant of 0.05; for likability recognition, Random
Forests (RF) with a number of trees N = 1000 and a fea-
ture subspace size of P = .02. The Weka toolkit (Hall et
al., 2009) is used in both cases. Note, that the instance se-
lection algorithm is only applied on the training set. The
test set is not modified and kept the same as in the original
Challenge setup in order to allow for a direct comparison.

3.4. Emotion
The following experiments were executed for emotion
recognition with different variations of the instance selec-
tion algorithm: 1) only agreement-based instance selection
(‘AIS’) based on discarding low-agreement instances (cf.
Step ‘AIS’ in Algorithm 1); 2) only sparseness-based in-
stance selection (‘SIS’) by selecting sparse instances (cf.
Step ‘SIS’ in Algorithm 1); 3) both steps (ASIS) at the same
time (random selection with balancing of instances across
classes).
For comparison, we denote the control methods of Random
Instance Selection (RIS) as randomly selecting a predefined
number of instances from the whole set without other con-
straints.
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Figure 2: Agreement-based Instance Selection (AIS): UAR
on the AEC test set after discarding low agreement training
instances (no balancing).

Fig. 2 gives an overview on performances after discarding a
certain ratio of instances with low human agreement (AIS).
Note, that the human agreement levels by discarding 5, 10,
20, 30, 40, 50, 60 % of the instances for the class IDL are
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Figure 3: Sparseness-based Instance Selection (SIS): UAR
mean, standard deviation (std. dev.), minimum (min), and
maximum (max) on the AEC test set over 40 independent
runs. Comparison of balanced SIS and random instance
selection (RIS) from the training set. No discarding of in-
stances with low agreement (PD = 0).
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Figure 4: Agreement and Sparseness-based Instance Selec-
tion (ASIS): Mean UAR on the AEC test set in 40 indepen-
dent runs of balanced sub-sampling after discarding PD in-
stances with lowest labeller agreement from the training set
of the AEC.

0.4, 0.52, 0.60, 0.60, 0.60, 0.72, 0.90, and for the class
NEG are -0.28, -0.2, -0.2, -0.2, -0.08, 0.06, 0.2, respec-
tively. No instance balancing is performed here. The per-
formance of the classifier improves continuously and sig-
nificantly (one-sided z-test) until 55 % of the training set in-
stances with human agreement are discarded (from 60.7 %
to 64.2 % UAR). Fig. 3 compares the performance of two
instance sub-sampling strategies (with (SIS) and without
balancing), both without any prior discarding of low agree-
ment instances. As expected, UAR is increased by about
8 % absolute when balancing is performed, showing the im-
portance of a balanced distribution for SVM (and further)
classifiers. Fig. 4 shows results obtained when randomly
sub-sampling the training set and balancing after discard-
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ing low agreement instances (ASIS). At a certain ratio of
discarded instances, increasing the number of selected in-
stances enhances the system robustness. As more instances
are added, however, the increase of UAR converges. At a
certain amount of sub-sampling, discarding up to 50 % of
low agreement instances improves UAR. Note that this im-
provement is more obvious for a small subset size, as in
this case the disturbing influence of the low agreement in-
stances has a larger relative impact on the model. The best
result of 67.8 % of UAR is achieved by discarding 50 % of
lowest agreement instances and selecting only 30 % of in-
stances (relative to the whole set) for model building. This
is equivalent to the baseline (67.7 % of UAR) in (Schuller
et al., 2009) where the whole training set with Synthetic
Minority Oversampling TEchnique (SMOTE) is considered
(for balancing). Note that, for this experiment the amount
of sub-sampling is limited by the size of the minority class
‘NEG’.

3.5. Likability
We further evaluate the potential of our algorithm for a sec-
ondary task: automatic speaker’s voice likability recogni-
tion. Fig. 5 visualises the performance after discarding in-
stances with low agreement levels (AIS). Table 1 shows the
relationship between the percentage of discarded instances
and the human agreement levels of the classes ‘L’ and ‘NL’.
Due to the way the classes ‘L’ and ‘NL’ have been defined
(by median), the instances are already balanced among the
two classes. Thus, no balancing is therefore necessary (i. e.,
no SIS). By discarding the lowest 10 % agreement levels,
the UAR is raised from 59.0 % to 62.0 %. One notices
that discarding more instances does not bring additional
improvement. This might be due to the small size of the
dataset with only 600 instances in the training set.

56
57
58
59
60
61
62

0 10 20 30 40 50 60

U
A

R
[%

]

PD: Size of discarded subset [%]

Baseline

Figure 5: Agreement-based Instance Selection (AIS): UAR
on the SLD (likability) test set after discarding low agree-
ment training instances from the training set.

Table 1: Relationship percentage of discarded instances and
agreement levels

Percentage discarded
Levels 10 % 20 % 30 % 40 % 10 %
L 0.01 0.05 0.09 0.15 0.18
NL 0.07 0.10 0.13 0.17 0.20

4. Conclusions
We proposed ASIS – agreement and sparseness-based in-
stance selection which exploits labeller agreement levels
and the concept of sparse class learning by random subsam-
pling of the training space. We demonstrated the potential
of this algorithm for two standard machine learning chal-
lenge tasks for speech emotion and voice likability recog-
nition. For the emotion recognition experiments on the
FAU AEC set, we observe obvious improvement of perfor-
mance by balancing the instance distribution among both
classes through random sub-sampling (SIS). Yet, discard-
ing the instances with low agreement levels (AIS) brings
a further improvement. A performance comparable with
the baseline of the INTERSPEECH 2009 Emotion Chal-
lenge is achieved when only 30 % of the whole training set
– selected by the proposed method – are used for training.
The experiments on the Speaker Likability Database fur-
ther prove the effectiveness of AIS in the case of discarding
training instances.
In future work, the discarding instance number needs to
be more discussed when in the blind of test set and type
of tasks which are with different distribution of labelling
agreement.
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