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Fig. 10: Data projection of two speakers (red and blue points)
from the source domain in the embedding created by the (a)
source and (b) DANN models. The figure considers arousal
using the IEMOCAP corpus. The figure shows that samples
are better distributed in the embedding of the DANN model.

it is vital to identify the optimal number of shared layers, given
a specific source domain.

One challenging aspect in using the proposed approach is
the difficulty of training adversarial networks. For example,
Shinohara [36] noted that in ASR problems, the improvements
of DANN were large for some types of noises, but less
effective for others. They suggested that tuning the param-
eters could lead to better results. We also observed that the
framework failed to converge for certain parameters, which is
common in minimax problems. It is important to investigate
robust strategies to set the hyper-parameters of the model
that work in most scenarios. When properly trained, however,
this powerful framework can elegantly solve one of the most
important problems in speech emotion recognition: reducing
the mismatch between train and test domains.

There are many research directions to extend the proposed
approach. The current implementation relies on hand-crafted
features. The framework can be easily extended so the acoustic
features are directly learned during the training of the models
using convolutional neural networks (CNNs) (e.g., end-to-
end system). Likewise, studies have shown the benefit of
jointly predicting multiple emotional attributes using multi-
task learning (MTL) [5], [51]. We hypothesize that combining
these approaches with domain adversarial training would lead
to further improvements.

In the case of multiple sources, our approach seems to work
well when multiple sources are combined, treating them as
one. This approach forces the network to learn a representation
that is common across all the source domains. We hypothesize
that a better approach is to use asymmetric transformations,

where the model learns multiple possible representations for
the test data, creating one representation for each source.
During testing, the network chooses the most useful repre-
sentation for each data point. Another alternative approach is
to transform the available sources to match the target domains.
Finally, this unsupervised approach can be easily extended to
the cases where limited labeled data from the target domain
is available (semi-supervised approach), creating a flexible
framework to create emotion recognition systems that can
generalize across domain.
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