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(a) Arousal - Criterion 1 - bin 1 (b) Arousal - Criterion 1 - bin 3 (c) Arousal - Criterion 1 - bin 5

(d) Arousal - Criterion 3 - bin 1 (e) Arousal - Criterion 3 - bin 3 (f) Arousal - Criterion 3 - bin 5

Fig. 4. Visualization using the t-SNE toolkit of acoustic features for arousal in binary classification tasks for bin 1 (easy), bin 2 (medium difficulty), and bin
3 (hard). The top figures correspond to criterion 1 (i.e., error of predicted labels) and the bottom figures correspond to criterion 3 (i.e., minmax entropy).

As a future direction of the curriculum learning framework
proposed in this study, we will use the difficulty measure to
find training examples that negatively affect the performance
of the models. Abdelwahab and Busso [71] showed that
selecting a subset of the data for supervised adaptation of
speech emotional models led to improvements over results
obtained when the entire adaptation set was used. By remov-
ing these samples, we expect to increase the classification
performance, since these examples can be too difficult to
learn due to unreliable or incorrect labels. Likewise, there are
important parameters that we have not investigated, including
the optimum number of difficulty bins, and the optimum
number of epochs. Adjusting these parameters may lead to
further improvements in classification performance. Finally,
we will explore whether curriculum learning is still effective
as the size of the training set increases. The collection of the
MSP-Podcast is an ongoing effort in our laboratory, which will
allow us to evaluate the approach in the future with a larger
training set.
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demuth, and G. Rigoll, “Cross-corpus acoustic emotion recognition:
Variances and strategies,” IEEE Transactions on Affective Computing,
vol. 1, no. 2, pp. 119–131, July-Dec 2010.

[9] Z. Zhang, F. Weninger, M. Wollmer, and B. Schuller, “Unsupervised
learning in cross-corpus acoustic emotion recognition,” in IEEE Work-
shop on Automatic Speech Recognition and Understanding (ASRU
2011), Waikoloa, HI, USA, December 2011, pp. 523–528.

[10] M. Abdelwahab and C. Busso, “Domain adversarial for acoustic emotion
recognition,” IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 26, no. 12, pp. 2423–2435, December 2018.
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