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Abstract
This paper describes an algorithm for detection of non-
linguistic vocalisations, such as laughter or fillers, based on
acoustic features. The algorithm proposed combines the ben-
efits of Gaussian mixture models (GMM) and the advantages of
support vector machines (SVMs). Three GMMs were trained
for garbage, laughter, and fillers, and then an SVM model was
trained in the GMM score space. Various experiments were run
to tune the parameters of the proposed algorithm, using the data
sets originating from the SSPNet Vocalisation Corpus (SVC)
provided for the Social Signals Sub-Challenge of the INTER-
SPEECH 2013 Computational Paralinguistics Challenge. The
results showed a remarkable growth of the unweighted average
of the area under the receiver operating curve (UAAUC) com-
pared to the baseline results (from 87.6% to over 94% for the
development set), which confirmed the efficiency of the pro-
posed method.
Index Terms: paralingustics, social signals, laughter detection,
filler, support vector machines, Gaussian mixture models, cep-
strum

1. Introduction
Detection and analysis of non-linguistic vocalisations plays an
increasing role in speech signal analysis. The Social Sig-
nals Sub-Challenge of the INTERSPEECH 2013 Computa-
tional Paralinguistics Challenge [1] focuses on the detection and
localisation of paralinguistic events, such as laughter or fillers,
based on acoustic parameters. The work described in this paper
aims to contribute to this challenge.

In the past, many scientists have investigated negative as-
pects of paralinguistic cues. In [2], the authors aimed to detect
and remove breath sounds from recordings containing speech
and singing, in order to improve the aesthetics of the recorded
voice. In [3], a work was undertaken to make speech recogni-
tion robust against disfluencies caused by fillers or lip smacking.

However, in parallel to this, researchers have tried in var-
ious ways to take advantage of information contained in non-
linguistic vocalisations, treating them more as places that can
convey ’social signals’ rather than just as a nuisance. Several
studies have focused on laughter detection, see [4], [5], or [6].
In [7], Hidden Markov Models (HMMs) were successfully ap-
plied for classifying signal frames into words, laughter, vocal
noises (breathing, coughing), non-verbal consents (’mhm’) and
fillers (’um’, ’uh’). There were also projects that aimed to de-
tect fillers and disfluencies based on text analysis, e.g., [8]. In
[9], the authors detected breath sounds in order to diagnose psy-
chiatric diseases, such as schizophrenia. In [10], non-speech
sounds were automatically classified using support vector ma-

chines and multivariate adaptive regression splines (MARS) to
classify sneezing, screaming, laughter and snoring, based on
spectral and mel-frequency cepstral coefficients (MFCCs). In
[11], the researchers used information on fillers to help in the
detection of basic emotions; however, they used a corpus with
the fillers annotated manually. The positive impact of infor-
mation contained in breath sounds on the recognition of the
speaker’s identity was shown and analysed in [12].

The ComParE challenge, the evaluation procedure and the
challenge data were described in detail in [1]. This paper will
concentrate on describing our approach (next section), followed
by a description of the experiments and their results. A brief
discussion of the results and a summary will conclude the paper.

2. Proposed approach
2.1. Inspirations

A hybrid Gaussian Mixture Models - Support Vector Machine
(GMM-SVM) approach has been proposed as the recognition
method of non-linguistic vocalisations. This method takes its
inspiration from research on speaker recognition.

Speaker recognition often uses GMMs as an efficient
method of modelling the cepstral parameters of the speaker
[13]. GMMs are used especially for text-independent speaker
recognition, where no specific phonetic sequence is expected.
Laughter is a somewhat similar case owing to its variety [14],
which makes it difficult to model as a sequence of acoustic
events. This is why GMMs, which (unlike HMMs) have only
one state, were used for laughter detection in [5], where the
authors achieved the equal error rate (EER) results ranging be-
tween 7.1 and 20% for the tested corpora.

Fairly recently, GMMs in speaker recognition were com-
bined with large-margin discriminators, such as SVMs. In
[15], the authors proposed using an SVM machine to clas-
sify supervectors containing Gaussian mean values of speaker
GMM models. The supervectors were constructed by stack-
ing mean values of Gaussian components into one supervec-
tor. This means that if, for example, GMMs operated in a 12-
dimensional MFCC space and if 32 Gaussians were used, 12 x
32 = 384-elements long supervectors were created and SVMs
were supposed to operate in 384-dimensional space. The au-
thors claimed they achieved better recognition results than us-
ing the classical GMM approach. In [16], the authors proposed
SVMs with the so-called GUMI kernels, which also combined
SVMs and GMMs but this time, also exploited the speakers in-
formation from the GMM covariance matrices. A hybrid SVM-
GMM approach with the Kullback-Leibler kernel was also suc-
cessfully applied in [17] in order to recognise speakers from
coded speech.
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2.2. Proposed method

Following encouraging applications in speaker recognition we
proposed taking advantage of generative modelling (GMMs)
combined with a discriminative classifier (an SVM) for recog-
nition of non-linguistic vocalisations in the Social Signals Sub-
Challenge. In our approach, however, no supervectors were
constructed, thus the space dimension was not multiplied. In
the proposed method the SVM operated in GMM score space,
defined by log-likelihood values of garbage, laughter and filler
GMMs. This is why the original cepstral space (12-, 24- or
36-dimensional) was shrunk to two up to six dimensions and
the SVMs were trained to find decision boundaries between
the GMM log-likelihood scores. Using SVMs to find deci-
sion boundaries between HMM models had been previously re-
ported in [18].

In the method here proposed the training process consisted
of the three stages:

• In the first stage, GMMs were trained for garbage, laugh-
ter and filler frames from the training signal, using either
basic MFCC parameters, or the basic MFCCs extended
by their dynamic derivatives: Δ or Δ2.

• In the second stage, log-likelihood scores were calcu-
lated for the training file, using the three GMMs (for
garbage, laughter and fillers) generated in the previous
stage and cepstral parameters taken over a sliding win-
dow.

• In the third stage, a three-class SVM classifier was
trained using the GMM garbage/laughter/filler scores
and the data labels.

GMMs with a number of Gaussian components ranging
from 8 to 256 were used, with diagonal covariance matrices.
They were trained using the Expectation-Maximisation (EM)
algorithm, using vector quantisation (VQ) for model initialisa-
tion. The use of the three GMMs resulted in achieving three
log-likelihood values from each parameter window: LLg , LLl

and LLf , for garbage, laughter and fillers, respectively. How-
ever, differential scores were calculated as well. In total, six var-
ious score combinations were considered, as specified in Table
1, such that the SVMs were tested in six different score spaces.

Table 1: Tested combinations of GMM scores.

name value type GMM log-likelihood scores
lf absolute LLl, LLf

glf absolute LLg, LLl, LLf

LF differ. LLl − LLg, LLf − LLg

LFD differ. LLl − LLg, LLf − LLg, LLl − LLf

lfLF mixed LLl, LLf , LLl − LLg, LLf − LLg

glfLFD mixed LLg, LLl, LLf , LLl − LLg ,
LLf − LLg, LLl − LLf

For the classifier, we used SVMs with a polynomial kernel,
using Sequential Minimal Optimisation (SMO) as the training
algorithm, implemented in the WEKA package [19].

The recognition process consisted of calculating log-
likelihood scores for the testing data analogously to the train-
ing process and of using the previously trained SVM classifier
to assign the GMM scores to the laughter, or filler, or garbage
class.

3. Experiment setup
According to the ComParE challenge organisers, the experi-
ments for the Social Signals Sub-Challenge were to be run us-
ing the training, development and testing subsets of the SSP-
Net Vocalisation Corpus (SVC). It was decided to use the
’train.downsampled’ data set for training with garbage samples
reduced 20 times, in order to maintain a balance between the
three recognised classes. The data within the sliding window
was labelled after its middle element. The window shift was
set to one. During training, it was ensured that the sliding win-
dow contained only the data belonging to the same recording,
such that there is no overlap between data from adjacent files in
the training database. Therefore, the log-likelihood scores for
the first F/2 and the last F/2 data samples of a recording were
copied from the scores located at F/2 and L−F/2 data points,
respectively, where L is the length of the recording, and F is
the length of the sliding window.

Numerous experiments were conducted in order to find the
best configuration of the proposed GMM-SVM classifier. The
evaluation was made based on the unweighted average of the
area under the receiver operating curve (UAAUC) for detection
of laughter and filler classes, achieved on the development set,
as requested by the ComParE challenge organisers [1]. The de-
velopment set contained 500 utterances with 547 789 frames in
total, among them 25 750 frames of laughter and 29 432 filler
frames.

During the experiments the following parameters were re-
searched:

• The feature vector used in calculations. Three possibili-
ties were considered: 12 MFCC parameters, the MFCCs
+ Δ, or the MFCCs + Δ + Δ2.

• The combination of GMM scores used during the SVM
training and testing, see Table 1.

• The length of the sliding window (F ) over which the
GMM scores were calculated. Windows of the length
from 10 frames (i.e., 100 ms) up to 60 frames (i.e., 600
ms) were experimented.

• The number of Gaussian components (M ) used in the
GMMs. GMMs starting with 8 up to 256 Gaussians were
tried.

• The complexity factor (C) used in the SVM training.

In addition it was verified how much (if at all) the remain-
ing features, extracted from the SVC corpus and available to
the ComParE challenge participants, could contribute to fur-
ther improvement of the recognition accuracy. Adding the F0-
related parameters, energy-based parameters and zero cross-
ing rate (ZCR) parameters, MFCCs, as well as their statistical
derivatives (arithmetic mean and standard deviation) were re-
searched. The complexity factor C was set to 0.1, as it gave the
best baseline results described in [1]; however, other values of
C were also tried, starting from 0.001 up to 10.

Finally, the results achieved for the optimal configuration,
both for the development and the test data sets, were compared
against the baseline results provided by the ComParE organis-
ers. The results are presented in the next section.

4. Results
Even though the main evaluation criterion was the UAAUC re-
sult (also marked for the sake of shortness as UAA), the ta-
bles in this section also separately display the area under the
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Table 2: Recognition results (in percentages) for various feature vectors for the selected GMM-SVM configurations.

configuration feature vector AUCl AUCf UAA EERl EERf Acc UAR

M = 8, F = 50, glfLFD 12 MFCC 88.4 84.5 86.5 18.9 24.4 70.4 69.6
12 MFCC+Δ 90.7 92.5 91.6 15.9 13.7 81.9 78.3

12 MFCC+Δ+Δ2 90.6 93.2 91.9 16.1 12.5 80.7 78.4
M = 128, F = 40, LF 12 MFCC 90.0 88.0 89.0 17.0 20.0 80.9 72.1

12 MFCC+Δ 92.3 93.3 92.8 14.3 13.0 86.3 78.9
12 MFCC+Δ+Δ2 92.4 94.2 93.3 14.1 11.7 85.7 80.5

receiver operating curve for laughter and fillers (AUCl and
AUCf , respectively), as well as the EER values (EERl and
EERf ). Recognition accuracy (Acc) and unweighted average
recall (UAR) were also analysed.

A comparison of various feature vectors to be modelled by
the GMMs is presented in Table 2. It shows that a full MFCC
vector, i.e., the basic MFCCs accompanied by their first and sec-
ond order regression coefficients: Δ and Δ2, provided the best
results almost in all aspects – they assured the highest UAAUC
and UAR values, regardless of the score combination, M or F .
Therefore, the subsequent experiments were run using the full,
36-element MFCC vector as the feature vector.

Table 3 shows an excerpt from the recognition results for
various GMM score combinations. It turned out that in most
of the cases, the lfLF score combination (i.e., differential log-
likelihood scores between laughter and garbage GMMs, and the
filler and garbage GMMs, extended by the absolute scores of
the filler and garbage GMMs) yielded the best AUC and EER
results, as shown in Table 3. It was noticed that adding absolute
scores lf to the differential LF improved especially the filler
detection (see the change from 93.7% up to 94.2% in the AUCf

in the upper part of Table 3). Therefore most of the subsequent
experiments were conducted in the 4-dimensional lfLF score
space. Occasionally, tests in LF and glfLFD score spaces
were run, too.

Table 3: Recognition results (in percentages) for various GMM
score combinations (upper part for F = 30 and M = 32,
lower part for F = 40 and M = 128).

scores AUCl AUCf UAA EERl EERf

lf 85.0 92.5 88.8 21.4 13.0
glf 92.0 94.0 93.0 14.3 11.4
LF 91.9 93.7 92.8 14.4 12.0
LFD 91.8 93.7 92.8 14.4 12.0
lfLF 92.0 94.2 93.1 14.3 11.6

glfLFD 90.6 93.2 91.9 16.1 12.5
lf 84.9 92.6 88.8 21.9 13.0
glf 92.3 94.3 93.3 14.1 11.2
LF 92.4 94.2 93.3 14.1 11.7
LFD 92.3 94.2 93.3 14.2 11.7
lfLF 92.5 94.5 93.5 14.0 11.4

glfLFD 92.5 94.5 93.5 14.0 11.4

Figure 1 displays the relationship between the recognition
results and the length F of the sliding GMM window. It shows
that with the increase of F , the UAAUC result increases con-
stantly; however, the UAAUC increase for the GMM window
length exceeding 50 frames (i.e., for windows longer than 0.5
sec) is only minor. It is noteworthy that the UAR result, after
initial growth, begins to decrease for F > 40.
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Figure 1: The UAAUC and UAR results (in percentages)
against the length of the sliding window (in 10-ms frames) for
various M ; score combination: lfLF .

The increase of the AUC is also visible for an increasing
number of Gaussian components (M ) – see Table 4, until it
reaches 128. Further growth of M shows some decrease of
AUC for filler detection. The UAR initially grows, but begins
to decrease for the number of Gaussians over 64. Finally, the
GMM-SVM classifier with F = 60 and M = 128, working in
the lfLF score space was selected.

Table 4: The recognition results (in percentages) against the
number of Gaussian components used in the GMMs for the
lfLF score combination; the upper part is for F = 40, lower
for F = 60.

M 8 16 32 64 128 256
AUCl 89.9 91.7 92.0 92.4 92.5 92.6
AUCf 93.1 93.6 94.2 94.2 94.5 94.4
Acc 79.2 82.2 83.2 84.6 85.8 87.6
UAR 78.9 80.5 80.9 81.2 80.6 79.0
AUCl 91.2 92.9 93.2 93.6 93.7 93.9
AUCf 93.0 93.6 94.0 94.1 94.5 94.3
Acc 81.1 84.4 86.0 87.2 88.8 90.4
UAR 77.9 79.2 79.9 80.1 78.4 75.9

It was also verified if adding any features from the provided
feature set would improve the recognition results. Various fea-
ture groups were sequentially added to the SVM space (in addi-
tion to the lfLF scores). Table 5 shows that none of additional
features improved either the UAAUC score or recognition ac-
curacy. However, it turned out that the recall result (UAR) in-
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creased, among others, when adding the ZCR features or the
statistical features of the MFCCs.

Table 5: Recognition results (in percentages) for various groups
of features added from the main feature set to the proposed
lfLF score space. The number of features given in brackets.
The best results are highlighted.

added parameters UAAUC Acc UAR

none 94.1 88.8 78.4
all (141) 93.4 79.3 82.0

energy-based (3) 93.2 83.1 80.4
F0/HNR and derived (6) 93.8 88.0 78.2

ZCR (2) 93.2 82.0 81.3
MFCCs (36) 93.1 82.4 80.8

statist. energy-based (6) 93.3 82.0 81.2
statist. F0/HNR-derived (12) 93.5 87.0 78.0

statist. ZCR (4) 93.0 80.0 80.3
statist. MFCCs (72) 93.1 80.7 81.0

When experimenting with the complexity parameter C it
was observed that changing it to C = 1.0 improved slightly the
classification performance of the SVM, so this value was finally
selected. Table 6 summarises the results and compares them
with the baseline ones. The proposed classifier working with the
test set, compared to the baseline result presented in [1], allowed
the increase of the UAAUC from 83.3% to 89.8%. The UAAUC
for the development set increased from 87.6% to 94.2%. The
EER values for the development set improved significantly, too.
The EER values for the test set were not available to the authors
of this article.

Table 6: Comparison between the results achieved for the pro-
posed method for the optimal configuration and the baseline re-
sults (in percentages), for the development and the test sets. The
result of the official Social Signals Sub-Challenge competition
measure is highlighted.

metrics devel
base

devel
proposed

test
base

test
proposed

AUCl 86.2 93.8 82.9 90.7
AUCf 89.0 94.5 83.6 89.0

UAAUC 87.6 94.2 83.3 89.8
EERl 21.2 12.3 N/A 15.3
EERf 16.9 11.0 N/A 18.4

5. Discussion
We found the achieved improvement of recognition results as
remarkable, considering a relatively simple recognition algo-
rithm proposed. The UAAUC for both the development and
the test set increased by more than six percentage points. It
is believed that this improvement was caused by the advan-
tageous combination of the three GMMs working in the 36-
dimensional MFCC space and the discriminative SVM working
in the 4-dimensional log-likelihood space, constituted by the
lfLF scores. The novel combination of differential (LF ) and
absolute (lf ) log-likelihood scores turned out to be successful,
too.

Interestingly, the fillers, as suggested in [1], seemed indeed
slightly easier to be recognised in the development set, how-
ever, they turned out to be slightly more difficult to be detected

in the test set. It could be probably explained if more infor-
mation on the test set was available. It was also observed that
laughter is sometimes confused with breathing, probably due to
a somewhat similar nature.

The results showed a positive impact of dynamic param-
eters (Δ and Δ2) on the recognition of non-linguistic vocali-
sations. It is supposed that these regression coefficients help
in taking into account the temporal structure of the recognised
events. In particular, fillers show a tendency to exhibit typical
dynamics; many of the English fillers consist of a vowel (usu-
ally ’eh’ or ’uh’), followed by a nasal (usually ’m’). Therefore,
it is not surprising that the AUC for fillers benefited the most
from adding Δ and Δ2 parameters to the basic MFCCs (see
Table 2).

The phenomenon of UAR decreasing for larger M is sim-
ilar to the one described in [7]; however, in our case, it took
place for much higher values of M . In the authors’ opinion,
this is caused because GMMs with higher number of Gaussian
components begin to lose their ability to generalise and become
overfitted to the training data. A similar behaviour for the in-
creasing length of the GMM parameter window (F ) is probably
caused by the fact that shorter laughter/filler events simply be-
come unnoticed in a longer (over 0.5 sec) time span.

Adding any features from the provided feature set did not
cause any improvement of either the UAAUC or the detec-
tion accuracy. However, if an increase of recall was requested,
adding, e.g., statistical features of the MFCCs to the SVM clas-
sifier space can be considered.

It was observed that the original speech signal in some
recordings severely overloaded the input analogue-to-digital
converter. It is suspected that improved acquisition of the au-
dio signal could have a positive impact on the extraction of the
parameters and as a consequence, on the detection of various
acoustic events.

6. Conclusions
In this paper we have proposed a simple yet effective method for
recognising non-linguistic vocalisations, such as laughter and
fillers. A hybrid method was elaborated, as it was based on a an
SVM classifier working in the space of GMM scores. The best
results were achieved when mixed (differential and absolute)
log-likelihood scores were used. The experiments showed that
GMMs with a high number of Gaussians (128 or more) and with
a relatively long parameter window (50 frames or more) yielded
the best results for area under the curve; however, at the expense
of decreasing recall. The proper balance between UAAUC and
UAR should be set depending on the actual application of the
algorithm.

As the Social Signals Sub-Challenge official measure was
set to UAAUC, a GMM-SVM classifier with 128 Gaussians and
60-frames-long window was selected; thus, enabling laughter
and filler detection with UAAUC of 89.8% for the test set and
94.2% for the development set, which is a remarkable improve-
ment compared with the baseline of 83.3% and 87.6%, respec-
tively. Future work could involve combining HMMs and SVMs
and comparing them with the GMM-SVM approach proposed
in this work.
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