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ABSTRACT

The search for emotional biomarkers within the human voice
is a challenging research area. Previous studies focused on
predicting affective state from speech; this study explores var-
ious tasks on affective vocal bursts. Borrowing the success of
self-supervised learning in automatic speech recognition, we
extracted acoustic embedding using variants of wav2vec 2.0
for four affective vocal bursts tasks: High, Two, Culture, and
Type. Using a similar architecture for all tasks, the evaluation
of acoustic embeddings reveals the potential use of wav2vec
2.0 variants over the conventional acoustic features in affec-
tive vocal bursts tasks. We evaluated both conventional acous-
tic features and these acoustic embeddings on the different
number of twenty seeds evaluation and reported the maximum
and average scores with their standard deviations in the val-
idation set. Three high scores from these validations for all
tasks assist the generation of predictions for the test set. We
compared the test scores with previous studies and obtained
remarkable improvements.

Index Terms— Affective computing, affective vocal
bursts, pre-trained model, wav2vec 2.0, speech emotion
recognition

1. INTRODUCTION

Vocal bursts may have richer affective information than
speech. However, speech emotion recognition, rather than
vocal bursts, is currently gaining more attention from re-
searchers due to its potential implementation and the avail-
ability of the datasets. Instead of a speech, affective infor-
mation may also lay on short vocal bursts (i.e., crying when
sad). In contrast to speech emotion recognition which may
have difficulties in distinguishing between emotions, differ-
ent vocal bursts may reflect different affective states more
distinctly. For instance, the emotion of sadness and fear in
speech are similar since both of them are expressed by higher
pitch [1]. A specific pattern of crying may indicate sadness,
whereas laughter produces happiness. Given these benefits,
analyzing emotions from humans’ vocal bursts may improve
our understanding of human emotions.

Humans communicate through verbal and vocal com-
munication, including communicating emotions [2]. Verbal
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communication includes chosen words in the speech that has
semantic meaning. Vocal communication includes prosody:
intonation, intensity, and rhythm. A study in cognitive brain
research suggests that brain activity in emotional prosody
detection is higher than in verbal detection [3]. Further stud-
ies by Tian et al. [4, 5, 6] suggest that adding non-verbal
vocalization information to acoustic features improved the
recognition rate of speech emotion recognition in [IEMOCAP
[7] and AVEC2012 [8] datasets.

Vocal bursts — a non-verbal communication — constitute a
potential source of information for emotion [9]. A study by
Cowen et al. [10] has found that vocal bursts are rich in emo-
tional information that can be conceptualized into 24 emo-
tion categories. A previous study by Scherer [11] has pro-
posed a model of vocal communication as Brunswik’s lens
model from expression (encoding) to perception (representa-
tion). There is no exact number of emotion categories emerg-
ing from this study. The authors mentioned eight examples of
emotion categories with ranges of importance for their design
features delimitation (e.g., intensity). However, the research
on affective vocal bursts since then has been limited by the
lack of available datasets.

One way to speed up research on affective vocal bursts
is to hold workshops and competitions in that area. In [12,
13, 14], the organizers provided datasets and baseline meth-
ods to challenge participants to explore the dataset and sur-
pass the baseline scores. This study, in particular, is presented
to report the evaluation of wav2vec 2.0 variants for the ACII
2022 Affective Vocal Bursts Workshop and Competition [14].
There are four tasks in the competition: three regression prob-
lems and a classification problem. The regression problems
are intended for measuring either the intensity of ten emo-
tion categories or valence (positive-negative of emotion) and
arousal (low-high of emotion). The classification problem is
for predicting the type of vocal bursts (e.g., laughter). We
approached all four tasks using a similar method while ob-
serving the effect of varying the acoustic embeddings.

There are two research questions to be solved in this re-
search. First, we evaluated the effectiveness of seven wav2vec
2.0 variants for four affective vocal bursts tasks, including
variants of wav2vec 2.0 pre-trained on an affective speech
dataset. Second, we combined wav2vec 2.0 embeddings with
valence, arousal, and dominance (vad) predictions in a variant
to evaluate their benefits. The architecture of deep learning
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models was similar for all tasks except in the output layer and
the loss function (which depends on the task).

Those contributions can be compared further with previ-
ous speech emotion recognition studies. Although a direct
benchmark cannot be made (due to differences in datasets),
the performance scores could be observed to gain insights
into the two worlds (speech vs. vocalization). For instance, in
this study, we reported average concordance correlation co-
efficients (CCC) of valence and arousal predictions of 0.629
from task Two of Hume A-VB vocal burst data. The previous
studies have shown CCC scores for valence and arousal of
0.691 [15] and 0.431 [16] for MSP-Podcast data, 0.569 [15]
and 0.566 [16] for IEMOCAP data [7].

We built our method based on the previous studies [14,
17, 18] with distinctive modifications. These modifications
include an evaluation of different acoustic embeddings and
a loss function to minimize concordance correlation coeffi-
cient loss for regression problems. Both modifications are
intended to improve the previous performance by using spe-
cialized finetuned models, including the one finetuned on the
affective speech dataset [19], and matching the loss function
to the evaluation metric.

2. DATASET

This study employed a single Hume-VB dataset [20] for all
four affective vocal bursts tasks. The dataset consists of
59201 samples in more than 36 hours of recordings. These
samples were recorded from 1702 speakers across four coun-
tries (China, South Africa, the US, and Venezuela). Each
sample was labeled with an integer scale from 1 to 100
(scaled to [0,1] during the experiments) for ten expressed
emotions, scores of valence and arousal (in [0, 1]), and the
type of vocal bursts. The ten emotion categories are amuse-
ment, awe, awkwardness, distress, excitement, fear, horror,
sadness, surprise, and triumph. The types of vocal bursts are
Cry, Gasp, Groan, Grunt, Laugh, Pant, Scream, and Other.
The original raw audio data were sampled at 48 kHz and re-
sampled to 16 kHz in the experiments of acoustic embedding
extraction. The organizer partitioned the data into training,
validation, and test sets for each task. Training and validation
sets are open with their labels, while the test set is closed
without labels. The participants need to send the test set
predictions to obtain the performance scores on the test set.

3. TASKS

Four tasks provided in The ACII 2022 Affective Vocal Bursts
Workshop & Competition [14] are summarized as follows:
1. The “High” task is to predict the intensity of 10 afore-
mentioned emotions,
2. The “Two” task is to predict the degrees of valence and
arousal for the given vocal bursts,

3. The “Culture” task is to predict the intensity of 40
culture-specific emotions (10 aforementioned emo-
tions from each culture) as a multioutput regression
problem,

4. The “Type” task is to predict the type of given vocal
bursts. Eight types of vocal bursts in the fourth task are
gasp, cry, laugh, scream, groan, grunt, pant, and other.

The first three tasks are regression problems evaluated

with concordance correlation coefficients (CCC); the fourth
task is a classification problem evaluated with unweighted
average recall (UAR), also known as unweighted accuracy
(UA). These evaluation metrics are obtained by submitting
the predictions for the hidden test set to the organizers.

4. BASELINE FEATURES

As the baseline features, we experimented with ComParE
[21] and eGeMAPS [22] feature sets. These acoustic features
are utterance aggregations by calculating high-level statisti-
cal functions from the low-level descriptors (extracted per
frame). We re-trained these acoustic features on the modified
classifiers (see Section 6) to obtain the validation scores. The
classifiers are modified from the previous studies [14, 18].

5. WAV2VEC 2.0 AND ITS VARIANTS

The wav2vec 2.0 model is the improved version of wav2vec
(version 1.0), unsupervised pre-training for speech recogni-
tion [23]. Instead of unsupervised learning, wav2vec 2.0 uses
a self-supervised approach for generating speech representa-
tions [24]. Given the success of wav2vec 2.0 in speech emo-
tion recognition [25], we evaluated seven variants of wav2vec
2.0 for four affective vocal bursts tasks. These variants are

1. wav2vec 2.0 base model (w2v2-base) [24],
wav2vec 2.0 large model (w2v2-large) [24],
wav2vec 2.0 cross-lingual model (w2v2-xlIsr) [26],
wav2vec 2.0 large and robust model (w2v2-Ir) [27],
wav2vec 2.0 large and robust model fine-tuned on 300h
Switchboard dataset (w2v2-1r-300) [27],
6. wav2vec 2.0 large and robust model fine-tuned on 960h
Librispeech dataset (w2v2-1r-960) [27], and
7. wav2vec 2.0 large and robust model fine-tuned on
MSP-Podcast dataset (w2v2-r-er and w2v2-r-vad)
[15, 28].

For the last model [28] built from the MSP-Podcast
dataset [19], we extracted two representations of each given
vocal burst audio file. The first is *w2v2-r-er’ with 1024-
dims of the hidden states. The second is *w2v2-r-vad’ with
a concatenation of the hidden states and logits (1027-dims).
These acoustic embeddings were then fed to the regres-
sion model for the first three tasks and to the classification
model for the last task four (“Type”). The model IDs (in
https://huggingface.co) are given in Table 1.

Nk
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Table 1. Name of wav2vec 2.0 variants and their Hugging
Face models (from facebook and audeering); the last two rows
(audeering) used the same model but different sizes.

Name Hugging Face Model ID

w2v2-base wav2vec2-base-960h

w2v2-large wav2vec2-large-960h

w2v2-xlsr wav2vec2-large-xIsr-53

w2v2-Ir wav2vec2-large-robust

w2v2-Ir-300  wav2vec2-large-robust-ft-swbd-300h
w2v2-1r-960  wav2vec2-large-robust-ft-libri-960h

w2v2-r-er wav2vec2-large-robust-12-ft-emotion-msp-dim
w2v2-r-vad  wav2vec2-large-robust-12-ft-emotion-msp-dim

6. CLASSIFIERS

This study employed a three-layer fully-connected network
as the classifier. The last fully-connected (FC) layer is then
coupled with an output layer. The number of nodes for each
FC layer is 128, 64, and 32, respectively. Each layer is con-
nected to layer normalization [29] and leaky rectified linear
unit (LeakyReLU) activation function. The number of nodes
at output layers depends on the task, i.e., 10 for High, 2 for
Two, 10 for Culture, and 8 for Type. The output layer for re-
gression problems is activated with a sigmoid function. These
classifiers are modifications of the previous studies [14, 18].

Fig. 1 depicts the architecture of the fully-connected net-
work. The architecture and hyperparameters are the same for
all tasks. The learning rate is set to 0.0005, weight decay is
set to 0.01, the optimizer is AdamW [30], the batch size is
8, and the maximum number of epochs is 100. For the Type
task, an early stopping criterion was set to a patience of 10
epochs with delta patience of 0.01. Other tasks are trained
without an early stopping criterion of patience.

Input, e.g., 'w2v2-r-vad' (1027-dims)
MLP (128,1027) _.| MLP (32,64) |

! |

| BatchNorm | | LeakyRelu |
| Leak‘y'Relu | | MLP (110'32) |
v | Sigmoid |

MLP (64,128)

| BatchNorm |

i Output, e.g., "High"
| LeakyRelu (10 intensities, batch of 32)

Fig. 1. Architecture of MLP networks for all tasks, the exam-
ple is for "High” classification task with 32 batch size for 10
outputs. Brackets show (output, input) nodes.

The Type task minimized the cross-entropy loss function.
The UAR score for the Type task is the normalized score in a
range of [0, 1]. Three tasks: High, Two, and Culture, mini-
mized CCC loss (since the metric is CCC in arange of [-1, 1]).
This loss function is the main difference between this study
from the previous studies [14, 18] in terms of the model’s ar-
chitecture. CCC loss (CCCL) is formulated

205y020
cCe = oY , 1
CCCL=1-CCC, 2)

where i, and p, are the means of the predicted and ground
truth values, respectively. o, and o, are the standard devi-
ations of the predicted and ground truth values, respectively,
and p,,, is the Pearson correlation between the predicted and
ground truth values. CCC loss is arguably more effective than
other error-based loss functions, especially when the metric is
CCC [31]. CCC is more effective than other correlation func-
tions since it not only accounts for the relation of the two
variables but also for the exact difference in values.

7. RESULTS AND DISCUSSION

7.1. Validation benchmark

Since the labels of the test set are hidden by the organizer
of the A-VB 2022, the authors at first only experimented with
the validation set to measure the performance of the evaluated
methods (Table 2). Two baseline feature sets are compared
with seven acoustic embeddings. Table 2 shows the maxi-
mum scores from 20 seed numbers evaluations. We validate
20 seeds to enable statistical analysis. The scores are CCC for
High, Two, and Culture; and UAR for Type. Bolds indicate
the highest score for each task with ‘w2v2-r-er’ for Two and
Culture and ‘w2v2-r-vad‘ for Culture and Type. Both embed-
dings obtained the same score on the Culture task.

It is clearly shown that SSL-based acoustic embeddings
outperformed conventional acoustic features on the same
classifiers. Most acoustic embeddings obtained better scores
with smaller dimensions than ComParE dimensions (1024
vs. 6373). Finetuning wav2vec 2.0 on the affective speech
dataset improved scores for the tasks; however, comparable
scores were also obtained by the large and robust model with-
out (w2v2-Ir) and with finetuning on the non-affective speech
dataset. The latter (w2v2-Ir-300) obtained the third position
after ‘w2v2-r-er’ and ‘w2v2-r-vad‘ for the High, Two, and
Culture tasks. It is interesting here to see that finetuning on
a smaller dataset led to higher performance (W2v2-Ir-300 vs.
w2v2-1r-960), highlighting the importance of choosing the
right data for finetuning. In this case, the 300h Switchboard
dataset [32] may contain more affective information than the
960h Librispeech dataset [33].

On the average performance scores from 20 validations
(Fig. 2), both the large-robust model (w2v2-Ir) and large-
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Table 2. Validation best scores from 20 seed numbers (CCC
for High, Two, and Culture; UAR for Type)

Feature Dims. | High Two Culture  Type

eGeMAPS 88 0.4896 0.4850 0.3880 0.3784
ComParE 6373 | 0.5336 0.5122 0.4254  0.3909
w2v2-base 768 | 0.4892 04446 03742 0.3323
w2v2-large 1024 | 04783 0.4406 0.3694 0.3414
w2v2-xlsr 1024 | 0.5718 0.5651 0.4341 0.43%4
w2v2-Ir 1024 | 0.6292 0.6100 0.4885 0.4734
w2v2-1r-300 | 1024 | 0.6317 0.6285 0.5119  0.4559
w2v2-1r-960 | 1024 | 0.5984 0.6138 0.4961  0.4656
w2v2-r-er 1024 | 0.6521 0.6312 0.5138 0.4822
w2v2-r-vad 1027 | 0.6523 0.6296  0.5138  0.4829

[@Hon  BMwo Ccutue Ompe |

CCC (High, Two, Culture); UAR (Type)

0.0

eGeMAPS

ComParE w2v2-Ir w2v2-Ir-300 w2v2-Ir-960 w2v2-Ir-er w2v2-Ir-vad

Fig. 2. Average scores from 20 seeds on the validation set for
each embedding with their standard deviation bars

robust model finetuned on 300h Switchboard dataset (w2v3-
Ir-300) also show competitive results, among others. The
‘w2v2-Ir’ obtained a high score for the High task while
‘w2v2-1r-300" scored competitively on the Two task. Fine-
tuning wav2vec 2.0 large-robust on affective dataset showed
superiority on both average and maximum scores evaluations.

The authors also performed two sample tests (paired
samples) to observe if there is any significant difference be-
tween the two means of w2v2-r-er and w2v2-r-vad. Since
the latter only concatenates the former with values of arousal,
dominance, and valence, the difference might not be signif-
icant (1027-dims vs. 1024-dims). The statistic test shows
that the p — values are large for all tasks, indicating that
there is no significant difference between the two embed-
dings (p — values = 0.50, 0.66, 0.51, and 0.80 for High,
Two, Culture, and Type tasks, respectively). The degrees of
valence, arousal, and dominance are important for obtaining
categorical emotions; future research may find different ways
of employing these values in the acoustic embeddings instead
of a simple concatenation performed in this study.

7.2. Test benchmark

Table 3 shows the test scores of three submitted predictions
(last three rows) along with the baseline test results. These
three predictions are based on the highest scores on the valida-
tion set (Table 2). These test scores obtained by three acous-

tic embeddings are similar to that of validation scores; the
only remarkable gap between test and validation is obtained
by w2v2-1r-300 (Others) for the Culture task. The overall best
score was obtained by w2v2-r-er; the fusion of w2v2-r-er with
the logits (valence, arousal, dominance) did not improve the
scores except for the High task. The w2v2-Ir-300 gained com-
parable high scores to these scores on the High and Two tasks,
although it was finetuned on the non-affective speech dataset.

Table 3. Performance scores on the test set (CCC for High,
Two, and Culture; UAR for Type)

Feature High Two Culture  Type
ComParE [21, 14] 0.5214 0.4986 0.3887  0.3839
eGeMAPS [22,14] 0.4496 0.4143 0.3214 0.3546
End2You [34, 14] 0.5686 0.5084 0.4401 0.4172
w2v2-r-vad [18] 0.6440 0.5948 0.4835 0.4560
w2v2-r-vad [18] 0.6478 0.6142 0.4962 0.4791
w2v2-r-er 0.6545 0.6290  0.5199  0.4902
w2v2-r-vad 0.6554 0.6244 0.5178 0.4834
Others”* 0.6552 0.6224  0.4206 0.4713

*Others: High, Two, Culture: w2v2-1r-300; Type: w2v2-Ir

Compared to [14] and [18], we improved the performance
scores by remarkable margins. In [18], the authors evalu-
ated different acoustic embeddings and modified the classi-
fier of the baseline methods [14]. In this study, we evalu-
ated different characteristics of acoustic embedding with CCC
loss. Both modifications improved the performance scores.
The ablation study showed no improvement had been made if
the loss was MSE (relative to [18]); the acoustic embedding
instead showed improvements with the existing architecture
proposed in [14] using either MSE or CCC loss functions.
This finding suggests that acoustic embedding (input data) is
more important than the classifier architecture for improving
the performance scores of affective vocal bursts tasks.

8. CONCLUSION

This study evaluated four affective vocal burst tasks with two
conventional acoustic features (eGeMAPS and ComParE)
and seven variants of wav2vec 2.0. The results showed that
the acoustic embeddings from wav2vec 2.0 outperformed the
conventional acoustic features in all tasks. The best overall
performance was obtained by the wav2vec 2.0 model fine-
tuned on MSP-Podcast affective speech dataset. Fusing the
hidden states with logits on this model did not improve the
performance significantly from the hidden states only. The
wav2vec 2.0 finetuned on Switchboard attained comparable
test scores to that of MSP-Podcast on High and Two tasks.
We achieved comparable results to previous studies on non-
vocalization speech emotion recognition. Further exploration
is needed to improve the performance since vocalization is
believed to have richer affective information than speech.
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