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Abstract—Deep neural networks (DNNs) have consistently

pushed the state-of-the-art performance in many fields, includ-

ing speech emotion recognition. However, DNN-based solutions

require vast amounts of labeled data for training. In speech

emotion recognition, the cost and time needed to annotate data

with emotional labels can be prohibitive. The available corpora

normally have a few thousand recordings collected by a limited

number of speakers. As a result, models trained on such corpora

fail to generalize to samples from new domains. This study

explores practical solutions to train DNNs for speech emotion

recognition with limited resources by using active learning (AL).

We assume that data without emotional labels from a new domain

are available and we have resources to select a limited number

of recordings to be annotated with emotional labels. We actively

select samples using greedy sampling (GS) and uncertainty-based

methods, evaluating the performance on regression problems

where the goal is to predict scores for arousal and valence.

We show that the use of active learning leads to competitive

performance with limited training data.

Index Terms—Speech emotion recognition, active learning,

multitask autoencoder.

I. INTRODUCTION
Speech emotion recognition (SER) is an important problem

with many applications across fields. The advancements in
deep neural networks (DNNs) have provided better archi-
tectures to build SER systems achieving state-of-the-art per-
formance. A requirement to train the millions of parameters
of these DNNs is a large train set with labeled data. This
requirement is an important drawback when these models are
intended to be used in new domain with limited labeled data.
The process of data annotation can be expensive and time-
consuming [1]. Several approaches have been proposed to
minimize the amount of labeled data needed to train a classifier
in a new domain, including semi-supervised learning [2]–[7],
domain adaptation [8]–[11] and active learning [12]–[18]. This
study focuses on active learning to select the most informative
samples to improve DNN models. We consider cases where the
resources to annotate samples in the new domain are limited.

Active learning has been widely used to iteratively select
training samples that maximizes the model’s performance.
Several studies have used active learning for SER problems
[12]–[15]. Most of these studies have considered algorithms
focusing on classical machine learning approaches such as
support vector machines (SVMs) [12]–[14], [16], [19], [20].
Recently, studies have proposed general active learning meth-
ods for DNNs [21], [22], but these approaches have not been

This work was supported by NSF under grant CNS-1823166 and CAREER
Grant IIS-1453781.

commonly used in SER problems. While there are no universal
data acquisition functions that work well in all scenarios, many
heuristic approaches have been proposed that were shown to
perform well in some domains [23], [24]. The choice of which
data acquisition function to use depends on the specific task.
Some acquisition functions become computationally expensive
as the dimensions in the feature space or the pool of available
unlabeled data increase. These two problems are key factors
in SER problems. The feature representation in SER often
consists of a high dimensional vector [25]. Furthermore,
speech can be easily collected with ubiquitous sensors with
microphones, so we often have abundance of unlabeled data.
It is important to investigate flexible acquisition functions that
are appropriate for SER problem implemented with DNNs.

This study considers various uncertainty and greedy data
acquisition functions used to select samples for training SER
models using DNN. We evaluate the prediction of the emo-
tional attributes arousal (calm versus active) and valence
(negative versus positive) using regressors. We show that
the use of active learning can lead to improvements in the
performance of the system over a classifier trained with
randomly selected samples, especially when the train set is
limited (i.e., between 200 and 400 short speech recordings).
With a few hundred labeled samples, we are able to achieve
performances that approach the results obtained by training the
DNN models with the labels of all training data. We obtain
better performance when the models are pretrained using an
autoencoder with unlabeled data. We also show that greedy
sampling on the feature space outperforms random sampling
at each sample size for both arousal and valence, where most
of the differences in performance are statistically significant.
The approach not only increases the performance, but also
reduces the variability of the results when the models are
trained multiple times with different initializations.

This paper is organized as follows. Section II briefly de-
scribes related work in active learning for emotion recognition.
Section III explains the motivation of our work, describing
the different acquisition functions used in the study. Section
IV gives the details of our experimental evaluation. Section
V presents our findings. Finally, Section VI summarizes the
study, discussing potential areas of improvements.

II. RELATED WORK

One of the barriers in training SER systems is the lack of big
corpora with emotional labeled data. Abdelwahab and Busso
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[26] studied different neural network structures and factors
affecting the performance achieved by SER systems built with
DNNs, showing consistent performance improvements as more
training data is seen by the model. For a new domain, the
limited availability of labeled data can severely hinder the
model’s performance. Various approaches have been suggested
to address this issue, including the aggregation of multiple
corpora [27], [28], the use of a similar corpus combined with
supervised adaption of the models to the new domain [8], [14],
semi-supervised learning methods [5]–[7] and self-training
approaches [3], [16]. This section reviews studies relying on
active learning.

Zhang et al. [29] proposed an algorithm that uses the
labelers’ agreement to learn uncertainty models for each of
the classes. They showed that by selecting samples from the
minority class, the system was able to significantly reduces the
amount of labeled data needed to maintain the performance for
an unbalanced emotion binary classification problem. Zhang
et al. [16] combined active learning with uncertainty sampling
with multi-view learning to greatly minimize the amount of
labeled data needed to reliably train a classifier. They trained
binary SVMs for SER that achieved performance comparable
to models trained on the whole train set, while only using
a quarter of the labeled data. Zhang et al. [12] proposed a
dynamic active learning approach. Instead of minimizing the
amount of labeled data used by the models, they minimized
the amount of annotations per sample. The proposed approach
used medium uncertainty sampling to select samples for
annotations. Instead of annotating each sample by a fixed
number of raters, the selected samples are annotated until an
agreement threshold is met. Models trained using this approach
had comparable performance while significantly reducing the
annotation cost. Zhang et al. [3] proposed an approach to
minimize noise accumulation in self-training and co-training
approaches. The proposed approach does not remove the
selected samples from the pool of unlabeled data once they are
added to the train set. Therefore, the assigned label to these
samples can fluctuate from iteration to iteration as the models
are updated. They kept track of the changes in the assigned
labels, minimizing the noise accumulation in self-training and
co-training approaches. This method, combined with multi-
modal views, led to significant performance improvements.

Active learning has also been successfully used in facial
expression analysis. Senechal et al. [17] proposed an active
learning method to select positive examples for target action
units (AUs). The approach increased the diversity of the train-
ing samples in terms of the number of individuals and num-
ber of expressions, which led to measurable improvements.
Muhammad and Alhamid [18] combined active learning with
face detection to select and annotate images from a huge pool
of images from various social networks. The annotated images
were used to build an ensemble of extreme learning machines
(ELM) for emotion recognition.

A key problem in active learning is to define criteria to iden-
tify samples to be annotated. Wu et al. [20] proposed greedy
sampling algorithms for regression problems that diversify

samples in the train set. They did not use deep learning, only
linear regression models. The algorithms focus on maximizing
the feature diversity of samples selected in the feature space,
label space, or a combination of both. They show that greedy
sampling approaches outperform random sampling. Wu and
Huang [19] applied the greedy algorithms in multitask speech
emotion regression.

III. METHODOLOGY

Deep neural networks often require big train sets to achieve
good performance. Studies have shown the performance im-
provement in SER problems that can be achieved by just
increasing the train set [26]. An important problem is how
to achieve good performance even when the size of the
train set is small. The process of annotating enough data is
expensive and time-consuming. In this context, active learning
approaches offer appealing solutions for models to reach
their potential performance, while minimizing the amount of
labelled data. Some data acquisition functions do not scale
well with high dimensional features commonly used in training
DNNs, especially in SER problems. While various acquisition
functions or their variations have been shown to work well
for DNNs in classification problems [23], [30], this is not
necessary the same for regression based problems such as
the prediction of valence, or arousal scores (e.g., emotional
attributes are interval descriptors where regression is the
common formulation). This study investigates the effectiveness
of several data acquisition functions for regression models in
SER problems.

A. Uncertainty (Variance) based Acquisition function
The first class of data acquisition function selects samples

using uncertainty. The key idea is to select samples that the
existing model is the most uncertain about (some studies have
selected samples with medium uncertainty [12], but we did
not evaluate this option).
Dropout: Gal et al. [21], [22] showed that dropout can be used
as an approximate to Bayesian inference. By sampling the
model predictions at various dropout configurations, we can
represent the models’ uncertainty without sacrificing compu-
tational complexity or performance. We referred to this model
as dropout.

B. Greedy Sampling (GS) Based Acquisition Functions
The second class of data acquisition function is greedy

sampling (GS), which selects samples by maximizing the
diversity in the train set. It chooses samples with the max-
imum minimum distance to samples previously selected. This
approach can be applied in the feature space, label space or a
combination of both.
Feature space (GSx): This approach searches for diversity
in the feature space. We use the L2 norm as the distance
metric to estimate the difference between samples (Eq. 1,
where xi and xj are the feature vector of two samples).
By increasing the diversity in the feature space, the train set
has representative samples from the target domain. While the
original formulation considers the feature vectors [20], our



implementation projects the samples into the embedding of
the autoencoder to reduce the search space (see Sec. IV-C).

di,jx = kxi � xjk2 (1)

Label space (GSy): This criterion searches for diversity on
the label space (Eq. 2). We estimate the absolute difference
between the predicted value of a sample (ŷi) and the true
value of the labels of the samples already annotated (yj). This
criterion increases the diversity of the labels in the train set,
so the classifier is built with representative samples spanning
the possible values of the target attribute.

di,jy = |ŷi � yj | (2)

Feature and label space (GSxy): This approach combines
the feature and label spaces to increase the diversity on
both spaces. As proposed in Wu et al. [20], we use the
multiplication of the respective metrics as the combination
metric (Eq. 3).

di,jxy = di,jx ⇤ di,jy (3)

For the three criteria, we estimate the distances between
unlabeled samples in the pool and samples in the train set.
We select k samples with the maximum minimum distances,
which are included in the train set. We update the models
with the new train set, repeating the process until the desired
number of samples is reached.

C. Random Sampling (RS) Based Acquisition Functions
As a baseline, we randomly select a given number of

samples from the unlabeled set.
IV. EXPERIMENTAL SETTINGS

A. The MSP-Podcast Corpus
The analysis relies on the MSP-Podcast database [31],

which is a collection of spontaneous audio recordings down-
loaded from audio-sharing websites. The dataset follows the
ideas presented by Mariooryad et al. [32] to collect naturalistic
emotional database. The recordings contain natural speech
from different speakers, covering various topics, and under
different recording conditions. The audio recordings are split
into short turns with duration between 2.75 and 11 seconds
using a commercial diariazation algorithm. Shorter segments
are discarded and longer segments are split. The segments
are processed to ensure good speech quality, removing seg-
ments with low signal-to-noise ratio (SNR), phone-quality,
overlapping speech or music. Emotional models trained on
existing emotional corpora are used to retrieve emotional
segments from the pool of unlabeled recordings, which are
then annotated using a crowdsourcing platform. The protocol
corresponds to a modified version of the framework proposed
by Burmania et al. [33], which track in real time the perfor-
mance of the evaluators.

Each speech segment is annotated by at least five annotators
into emotional categories, and emotional attributes (valence,
arousal and dominance). The survey for emotional attributes

was conducted with self-assessment manikins (SAMs) using a
seven point Likert scale. The ground truth per speech segment
is the average score across annotators. This study uses the
version 1.1 of the corpus, which includes 22,630 labeled
samples. The test set has 7,181 segments from 50 speakers (25
males, 25 females), the development set has 2,614 segments
from 15 speakers (10 males, 5 females) and the train set has
the remaining 12,830 segments. This study assumes that the
unlabeled pool of speech segments corresponds to the train
set (12,830 segments). We assume that the label of a segment
becomes available after it is selected by a data acquisition
function. More information about this corpus is provided by
Lotfian and Busso [31].

B. Acoustic Features

The evaluation uses the standard Interspeech 2013 compu-
tational paralinguistics challenge (ComParE) [25] feature set,
extracted with the OpenSMILE toolkit [34]. The feature set
is generated by extracting 65 low-level descriptors (LLDs)
using a sliding window over the speech segment. The low-level
descriptors include various features such as pitch, jitter, energy,
and Mel-frequency cepstral coefficients (MFCCs). After ex-
tracting the LLDs, a set of statistical functionals are calculated
over them, resulting in high-level descriptors (HLD) features.
The statistical functionals include functions such as mean,
standard deviation, inter-quartile ranges, rising and falling
slopes. This approach creates a 6,373 dimensional feature
vector, regardless of the duration of the speech segment.

We separately normalize each feature to have zero mean
and a unit standard deviation. The mean and the variance
of the data are calculated considering only the values of the
features that fall within the 2.5% and 97.5% quantiles to avoid
outliers skewing these values. After normalization, we clip any
normalized feature with absolute value greater than 3.1 times
its standard deviation.

C. Network Structure

This study builds DNN-based regression models with lim-
ited data. To improve the learning of the models, this evalua-
tion uses the multitask architecture shown in Figure 1, which
includes an autoencoder. The encoder has an input layer with
6,373 nodes, followed by a hidden layer with 1,024 nodes
and an embedding layer with 256 nodes. The embedding of
the encoder is fed to an output layer that predicts the emotional
attribute (primary task), and to the decoder that reconstructs
the input. The decoder mirrors the structure of the encoder
(auxiliary tasks). The network is trained to minimize both the
reconstruction and regression loss:

L = �1MSE + �2(1� CCC) (4)

MSE =
1
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Fig. 1. Multitask autoencoder network used to evaluate active learning
methods. The primary task is the emotion regression problem for either arousal
or valence. The auxiliary task is an autoencoder which can be trained with
unlabeled data.

where MSE is the mean squared error, and CCC is the
concordance correlation coefficient (CCC). µŷ and µy are
the means of the predicted and actual values, and �2

ŷ and �2
y

are their corresponding variances. ⇢ is the Pearson correlation
coefficient between the predicted and actual values. The key
advantage of this architecture is that data without emotional
label can be used to train the autoencoder, pretraining the
models.

The analysis in this paper considers cases with a limited
train set. We consider 50, 100, 200, 400, 800 and 1200 sam-
ples. The active learning methods are implemented with the
following steps. First, we consider all the unlabeled samples
from the train set to train the autoencoder considering only the
reconstruction loss. Second, we select 50 samples using greedy
sampling in the feature space. The samples from the unlabeled
pool are projected into the embedding of the autoencoder,
where the distances between samples are estimated. These
50 samples are used as the starting point for all the models,
with the exception of the baseline model (random sampling).
We follow this approach since greedy sampling methods on
the label space and the dropout method require a pretrained
regressor, while the greedy sampling method on the feature
space can be implemented with just the embedding of the
autoencoder. Then, we incrementally add k new samples
using the alternative data acquisition functions. The SER
models are updated using the regression and reconstruction
losses with all the training samples available at this point,
including the k new samples (one epoch, batch size equals to
min(#samples, 256)). Then, we select k more samples until
reaching 100 samples. While we implement this approach with
k = 10, we study the sensitivity of the models to the parameter
k in Section V-C. Once we reach 100 samples, we evaluate
the performance of the system. We start with the pretrained
autoencoder model trained on the unlabeled data using only
the reconstruction loss. Then, we train the models with the
100 samples using the regression and reconstruction losses.
We train the model for 50 epochs, with a batch size of 64. By

(a) Arousal with multitask autoencoder

(b) Valence with multitask autoencoder

Fig. 2. Performance of the multitask autoencoder as a function of the number
of samples in the train set. The figures compare the data acquisition functions
considered in this study. Upperbound is the result using all training data.

retraining the models again instead of adapting the models
used to select the last k samples, we avoid improvements
solely due to longer training. This process is repeated until
reaching 200 samples, starting with the model trained with
100 samples. We continue this process for 400, 800 and 1200
samples. To avoid adjusting hyper parameters, we arbitrarily
set �1 = 0.2 and �2 = 0.8 (Eq. 4). We use Adam optimizer
with a learning rate of 8e� 5.

V. RESULTS

We evaluate each setting 20 times with different initializa-
tion, reporting the average CCC.

A. Performance as a Function of Number of Selected Samples
Figure 2 shows the average CCC achieved by the active

learning models as we increase the size of the train set. Figures
2(a) and 2(b) show the performance for arousal and valence,
when the models are initialized using the weights of the
pretrained autoencoder model, as explained in Section IV-C.
The figures also show the upper bound performance (solid
lines), which corresponds to the within corpus performance
achieved by the multitask autoencoder architecture when we
use the entire train set (12,830 speech segments).

As the number of training samples increases, Figure 2 shows
that the performances achieved with active learning methods
get closer to the within corpus performance. Notice that even
at 1,200 samples, these methods use less than 10% of the
train set. In general, we observe that greedy sampling methods



TABLE I
REGRESSION PERFORMANCE FOR 100, 200, 400 AND 800 SAMPLES
MEASURED IN TERMS OF CCC. AN ASTERISK INDICATES THAT THE

DIFFERENCES IN PERFORMANCE BETWEEN THE BASELINE (I.E., RANDOM
SAMPLING (RS)) AND A GIVEN DATA ACQUISITION FUNCTION IS

STATISTICALLY SIGNIFICANT (p-VALUE<0.05).

Arousal [CCC] Valence [CCC]
# Samples 100 200 400 800 100 200 400 800
RS .57 .61 .66 .69 .07 .10 .13 .17
GSx .58 .64* .68* .71* .10* .12 .16* .21*
GSy .50 .53 .66 .69 .09 .12 .17* .21*
GSxy .52 .55 .68 .70 .09 .12 .17* .20*
dropout .56 .59 .63 .67 .11* .12 .15 .18

lead to better performance than the dropout method. We also
observe that the differences in performances observed across
active learning methods reduces as we add more samples.
For valence, the performance for random sampling is always
lower than the ones obtained with active learning methods. For
arousal, the performance of greedy sampling on the feature
space is always greater than random sampling. Methods that
use greedy sampling on the label space (GSy and GSxy)
perform worse than random sampling when the size of the
train set is limited. However, their performances recover as we
add more samples (e.g., 400 samples). Greedy sampling on the
label space relies on predictions made by the DNN models.
Therefore, this method is less reliable when the number of
available samples is limited.

Table I shows the performance achieved with active learning
methods for 100, 200, 400 and 800 samples. The network cor-
responds to the multitask autoencoder architecture. The aster-
isk in the table indicates statistically significant improvements
over random sampling (one tailed Fisher Z-transformation test)
asserting significance at p-value < 0.05. The improvement in
performance for the greedy sampling method on the feature
space is always significantly better than the performance
obtained with random sampling, with the exception of arousal
for 100 samples and valence with 200 samples. One drawback
of GSx is the computational cost of calculating the distances
between samples, especially if the dimension of the feature
space is high. We mitigate this cost by calculating the distance
by projecting the samples into the lower dimension embedding
of the proposed architecture. Dropout based sampling statis-
tically outperforms random sampling only for valence when
the sample size is small. More work is needed to understand
why this method does not perform well in this problem, as
expected from previous results in other domains [30], [35].

B. Role of Autoencoder

We also evaluate the DNN models trained without pre-
training with the autoencoder. Instead of using the autoen-
coder, we use random weight initialization training the models
using only the regression loss. Figures 3(a) and 3(b) show
the performance for arousal and valence for this model. As
expected, Figures 2 and 3 show that using pretrained weights
for initialization improves the performance of the models.
The performance are consistently lower when we use random

(a) Arousal without autoencoder

(b) Valence without autoencoder

Fig. 3. Performance of the models trained from scratch, using random weight
initialization as a function of the number of samples in the train set. The CCC
values are lower than using the multitask autoencoder framework (Fig. 2).

weight initialization, especially when the number of samples
is limited.

Figure 3 shows similar trends as the ones observed in
Figure 2. Greedy sampling on the feature space consistently
outperforms random sampling at each size of the train set
for arousal and valence. For arousal, greedy sampling on the
label space and greedy sampling combination perform worse
than the baseline for small size of the train set. Dropout
based uncertainty sampling achieves the best performance for
valence. For arousal, it performs well when the sample size
is small, but as the sample size increases, it performance
becomes similar to the random sampling performance. It is
unclear why dropout based uncertainty sampling work well
only when the models are not pretrained.

C. Sensitivity to k

We evaluate the sensitivity of the greedy sampling acqui-
sition functions to the number of samples selected before
updating the models. We set k = 1 in this evaluation, where
the model is updated at each iteration. We only consider
the greedy sampling approaches in this evaluation for com-
putational reasons. The dropout method requires intensive
resources so it is not efficient to implement our approach with
k = 1.

Figure 4 shows the results for arousal and valence, using the
multitask auto encoder framework with k = 1 and k = 10. We
show the results for 100, 200 and 400 samples. We estimate the
results for 800 and 1,200 samples but we did not find statistical



(a) Arousal 100 (b) Valence 100

(c) Arousal 200 (d) Valence 200

(e) Arousal 400 (f) Valence 400

Fig. 4. Average CCC values obtained with the multitask autoencoder
framework using k=1 and k=10. The parameter k corresponds to the number
of sentences selected at each iteration before updating the DNN models. The
asterisk in the bars indicates that the differences are statistically significant.

differences between models trained with k = 1 and k = 10
when the size of the train set increases. The asterisks in the
bars indicate statistically significant improvements obtained by
using k = 1 (one tailed Fisher Z-transformation test with p-
value<0.05). The results for arousal show that both GSy and
GSxy perform significantly better when samples are selected
one at a time. For valence, we observed some improvements,
however the differences are not statistically significant. We
also observe that greedy sampling on the feature space (GSx)
is insensitive to k. By using a larger value for k, we are able
to further reduce the computational cost of GSx.

D. Consistency of the Results

The last part of the analysis evaluates the consistency of
the models’ performance. Deep learning models are often
sensitive to the initialization of the parameters, so studying the
variations in the results is important, especially with a limited
train set. For better visualization, we only consider the greedy
sampling on the feature space, which is one of the best models
considered in this study. As we mentioned, we implement the
approach 20 times starting with different initializations. Figure
5 shows the mean and standard deviation of the CCC values
achieved by greedy sampling on the feature space and random
sampling. The lines correspond to the mean values, and the
spreads of the curves correspond to the standard deviation.

The figures show that the standard deviation of the CCC val-
ues achieved by the greedy sampling method decreases faster
as the sampling size increases, compared to the ones using
random sampling. We not only achieve better performance
with active learning, but also the results are more consistent
across different initializations.

(a) Arousal with multitask autoencoder

(b) Valence with multitask autoencoder

Fig. 5. Analysis of the variance of the multitask autoencoder framework
across different initializations. The figures shows the mean and standard
deviation of the SER models using greedy sampling on the feature space
(GSx) and random sampling. The lines correspond to the mean values and
the spreads of the curves correspond to the standard deviation.

VI. CONCLUSIONS

This study demonstrated that active learning can signifi-
cantly reduce the amount of labeled data needed to achieve
a reasonable performance in a new domain. Compared to
random sampling, we showed that greedy sampling approaches
remain a viable option for speech emotion regression problems
achieving not only higher performance, but also lower vari-
ance. Greedy sampling on the label space are less effective
when the train set is limited, since the poorly trained DNNs
models are used to select samples. As we introduced more
data, the differences in performance across data acquisition
functions reduce, indicating that the selection of data acquisi-
tion function is a more important decision when we can only
annotate few samples to train the models.

As part of our future work, we want to consider different
acquisition functions with smaller computational cost. We also
want to include functions that consider both aleatoric and
epistemic uncertainty. With this approach, we can capture
the uncertainty present in difficult samples as well as the
uncertainty caused by the lack of data. If we can assess the
difficulty of the samples without the need of extra annotations,
we can also combine active learning with curriculum learning
[36]. This approach will allow the models to select easier
samples early in the process, leading to models with better
generalization.
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