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Abstract
In this paper, we propose a multi-label classification framework
to detect multiple speaking styles in a speech sample. Unlike
previous studies that have primarily focused on identifying a
single target style, our framework effectively captures various
speaker characteristics within a unified structure, making it suit-
able for generalized human-computer interaction applications.
The proposed framework integrates cross-attention mechanisms
within a transformer decoder to extract salient features associ-
ated with each target label from the input speech. To mitigate
the data imbalance inherent in multi-label speech datasets, we
employ a data augmentation technique based on a speech gen-
eration model. We validate our model’s effectiveness through
multiple objective evaluations on seen and unseen corpora. In
addition, we provide an analysis of the influence of human per-
ception on classification accuracy by considering the impact of
human labeling agreement on model performance.
Index Terms: speech multi-label classification, human-
machine interaction

1. Introduction
Recent advancements in generative AI models have led to sig-
nificant improvements in tasks such as expressive text-to-speech
(TTS) [1, 2] and text-to-audio (TTA) generation [3, 4]. As a re-
sult, there is an increasing demand for robust evaluation meth-
ods to assess whether synthesized samples accurately capture
the intended characteristics. This has brought increased atten-
tion to speaking style classification (SSC), the task of identi-
fying and distinguishing various speaking styles from speech
utterances [5].

A key task in SSC is speech emotion classification [6, 7],
which aims to identify a speaker’s emotional state from a given
speech sample. Research in this area has notably been sup-
ported by several publicly available datasets [8–10]. Leverag-
ing their powerful ability to extract localized features from input
data, deep learning-based speech emotion classification models
have frequently adopted CNN-based frameworks for network
design [11]. To further enhance intra-class compactness and
inter-class separability among features, some methods have uti-
lized contrastive losses during model training [12]. With the
advent of self-supervised learning (SSL) models for speech rep-
resentations, it has become easier to obtain features that include
both acoustic and linguistic information. Consequently, there
has been an increase in approaches for designing speech emo-
tion classification models that incorporate SSL features, replac-
ing traditional statistical acoustic features extracted from wave-
forms such as mel-spectrograms.

Previous studies have primarily focused on the specific task
of emotion detection. However, human speech conveys a di-

Figure 1: Speech multi-label classification (SpeechMLC). Un-
like conventional speech classification tasks, SpeechMLC is de-
signed to predict multiple labels from inputs, capturing various
speaker characteristics simultaneously.

verse range of characteristics beyond emotion, highlighting the
need for classification models that account for a broader set of
attributes. Moreover, most existing approaches are limited to
single-class classification, limiting their ability to capture the
full range of speech characteristics within an utterance.

Driven by growing interest in developing speech genera-
tion models that consider diverse speaking factors, several re-
cent works have introduced speech datasets with speaking style
annotations. The LibriTTS-P dataset [13] provides perceptual
annotations of various speaker characteristics for each speaker
in the LibriTTS dataset, incorporating a wide range of percep-
tual labels. Additionally, the DreamVoice dataset [14] offers
a more refined and condensed set of keywords for annotating
speaker characteristics.

In this work, we present the first attempt (to the best of
our knowledge) to develop a multi-label classification model
for speaking styles. Our unified framework can identify mul-
tiple speaking style classes from a given speech input. To ad-
dress data imbalances, where certain classes are underrepre-
sented in the training data, we employ a data augmentation strat-
egy based on a voice conversion model. To assess the general-
ization ability of our approach, we evaluate the model on both
in-domain (seen) and out-of-domain (unseen) corpora, includ-
ing emotional and cross-lingual data. In addition, we analyze
the impact of human labeling agreement on our model’s per-
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Figure 2: The proposed speech multi-label classification
(SpeechMLC) framework. Given an input speech signal, we ex-
tract acoustic features using a pre-trained HuBERT backbone,
which serve as keys and values in transformer decoder lay-
ers. Learnable label embeddings function as the queries (“style
queries”).

formance to understand the influence of human perception on
classification accuracy. Our key contributions are as follows:

• Our work introduces the first multi-label classification model
for speech input, demonstrating its effectiveness on both in-
domain (seen) and out-of-domain (unseen) datasets.

• We propose a novel data augmentation approach based on
a voice conversion model to enhance the representation of
underrepresented classes in the training data.

• We investigate the impact of human labeling agreement on
classification performance to understand how human percep-
tion influences the model’s accuracy.

2. Related Works
2.1. Multi-label classification

Multi-label classification (MLC) is the task of identifying mul-
tiple classes present in a given input [15]. Unlike single-label
classification (SLC), MLC requires simultaneously consider-
ing multiple characteristics in a given input sample. MLC has
been widely explored in the image domain, with applications to
object detection, medical image recognition, and scene under-
standing [16–18]. In general, CNN-based models have achieved
high accuracy on various datasets. More advanced models in-
corporating attention mechanisms have demonstrated further
performance improvements [19].

Developing speech-based MLC models is challenging com-
pared to the vision-based setting for two main reasons. First,
while objects in images are clearly distinguishable, the di-
verse characteristics of speakers are inherently entangled in
sequential speech data. Second, the development of speech-
based MLC models has been hindered by limited availability
of publicly annotated datasets, as the labeling process is time-
consuming. However, with the recent release of speech datasets
containing samples annotated with multiple descriptive key-

Figure 3: Label distribution of the DreamVoice dataset. It in-
dicates the number of samples per label, highlighting the data
imbalance in the training set.

words, it has become more feasible to address this task. There-
fore, this work aims to develop an MLC framework specifically
tailored to the speech domain.

2.2. Data augmentation

A common challenge in multi-label classification is sample im-
balance, where many labels are underrepresented in the data
compared to a few dominant ones [20]. This imbalance can re-
sult in models struggling to learn effective representations for
the minority classes. One way of addressing class imbalance is
the use of focal loss, which dynamically adjusts the loss con-
tribution based on the difficulty of each example, thereby miti-
gating the impact of any data imbalances [21, 22]. Another ap-
proach is data augmentation, which expands the training dataset
by generating additional examples [23,24]. Recent studies have
utilized pre-trained generation models to expand the amount of
available data for model training [25]. In this work, we employ
a simplified data augmentation method to enhance the training
data, and we assess its effectiveness by evaluating model per-
formance with different amounts of augmented data.

3. Methodology
Figure 2 illustrates our proposed multi-label classification
framework, SpeechMLC. Motivated by [19, 26], we incorpo-
rate a cross-attention mechanism in a transformer [27] decoder
to capture representations at the speaking style level. Given an
input speech signal, we first extract acoustic features using a
pre-trained HuBERT [28] backbone. These acoustic features
are then used as keys and values in all of the transformer de-
coder layers. Simultaneously, label embeddings, which we re-
fer to as style queries, serve as the queries in the transformer de-
coder. After passing through a final fully-connected (FC) layer,
the model outputs logits for each category. Section 3.1 provides
a detailed description of our framework, while Section 3.2 in-
troduces our data augmentation techniques.

3.1. SpeechMLC

Our proposed SpeechMLC framework aims to predict the pres-
ence of each category in a given speech sample x from a pre-
defined set of categories. Let the total number of categories be
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Table 1: The ratio of each target label where at least 5 out of 8
annotators reached an agreement in the DreamVoice dataset.

Label Ratio (%) Label Ratio (%)
Female 100.00 Dark 82.26
Male 100.00 Bright 81.20
Adult 100.00 Rough 27.84

Teenager 17.68 Smooth 44.32

K and the corresponding label for x be y = [y1, ..., yk, ..., yK ].
For each category k, yk is set to 1 if speech x exhibits the k-th
category, and 0 otherwise. Given input speech x, SpeechMLC
predicts the probability of the presence of each category’s pres-
ence under the supervision provided by the target label set y.

In vision-based multi-label classification, a common ap-
proach utilizes a pre-trained single-label image classification
model to extract spatial features from the input image [29, 30].
However, there is a lack of publicly available pre-trained speech
classification models for extracting analogous features from in-
put speech. As an alternative, we utilize a pre-trained self-
supervised learning (SSL) model for speech representations. In
this study, we adopt the HuBERT model [28] for acoustic fea-
ture extraction; however, any SSL-based feature extractor can
generally be used.

The acoustic features extracted from HuBERT are used as
the key and value to the attention mechanisms in a transformer-
based decoder. For the queries, we use learnable label em-
beddings (style queries). The key, value, and query are then
combined using cross-attention mechanisms at each layer of
the multi-layer transformer decoder. During training, each la-
bel embedding is updated dynamically, enabling it to learn
category-specific features. As a result, the label embeddings
learn to implicitly capture the correlation between the input
data and the corresponding labels. For multi-label classifica-
tion, each label prediction is treated as a binary classification
task. Specifically, for each label k, its corresponding features
are projected to a logit value using a linear projection layer fol-
lowed by a sigmoid activation function.

3.2. Data augmentation with voice conversion

Figure 3 presents the number of samples for each target label in
the dataset we use (DreamVoice; see Section 4.1), illustrating
the data imbalance that is present. To mitigate this issue, we
applied data augmentation to increase the number of samples
for underrepresented labels, particularly focusing on ‘Rough’
and ‘Smooth’. To do this, we utilized a voice conversion model;
we chose this option rather than text-to-speech (TTS) because
TTS models can sometimes be unstable for speech generation
(e.g., prone to issues like speech deletion) [31]. Specifically, we
adopted KNN-VC [32], which is considered state-of-the-art in
voice conversion. To ensure sufficient speaker information, we
provided the model 60 seconds of target speech as input.

4. Experimental Setup
4.1. Dataset

We utilized the DreamVoice dataset [14] for training, which
provides multi-label annotations of speaking styles for 900
speakers from LibriTTS-R and VCTK. A total of 8 annota-
tors with expertise in speech or audio labeled all samples. In
this work, we focused on four categories from the dataset: gen-

der, age, brightness, and roughness. For training simplicity, we
merged the ‘adult’ and ‘senior’ categories into a single ‘adult’
category. For the gender category, samples labeled as ‘ambigu-
ous’ were excluded during training. Therefore, our target style
categories consist of 8 keywords: [‘Female’, ‘Male’, ‘Adult’,
‘Teenager’, ‘Dark’, ‘Bright’, ‘Rough’, ‘Smooth’].

To evaluate our model’s performance, we selected a total
of 20 unseen speakers from the DreamVoice dataset, leaving
880 speakers for training. Table 1 presents the number of sam-
ples for each target label where at least 5 out of 8 annotators
reached an agreement. There are significant differences be-
tween classes. To ensure consistency in measuring classifica-
tion accuracy across labels during evaluation, we only selected
data from the 20 unseen speakers where the number of agree-
ments was greater than 5.

4.2. Implementation details

For acoustic feature extraction from input speech, we leveraged
a pre-trained HuBERT-base model.1 We extracted HuBERT
features from the 6th layer of the model. For the transformer de-
coder, we used 4 decoder layers, each with 8 multi-head atten-
tion layers and a dimension of 128. For style queries, we used
queries with a dimension of 128, all with trainable weights. To
train the model, we used the Adam optimizer [33] with a learn-
ing rate of 0.0001 and a batch size of 64. For batch feeding, we
cropped each sample’s duration to 5 seconds; if a sample was
shorter than 5 seconds, we padded it with zeros at the end. For
data augmentation, we adopted the kNN-VC model from the
official GitHub repository.2 We generated a total of 14 hours
of samples, by creating source speech and target speaker pairs
from the DreamVoice training split.

5. Experiments
5.1. Overall model performance

Since this work is the first attempt to develop an MLC model
using speech signals, no existing baseline models are available
for performance comparison. Therefore, we compared the per-
formance of the proposed model with that of a ResNet-34 archi-
tecture [34], which is commonly used in various speech classi-
fication tasks. The ResNet-34 model was also trained on the
MLC criterion in the same way as SpeechMLC. As shown in
Table 2, SpeechMLC achieves higher F1-scores than ResNet-
34 for all classes. We also observe that using HuBERT features
instead of 80-channel mel-spectrograms (Mel80) results in an
improved F1-score.

5.2. Model performance depending on data augmentation

In Table 2, we confirmed the efficacy of data augmentation us-
ing F1-score. Although we trained our model on a dataset aug-
mented with 14 hours of ’Rough’ and ’Smooth’ utterances, the
performance differences were insignificant. We suspect two
reasons for this lack of significant performance improvement.
1) As shown in Table 1, only a small number of voices are clas-
sified as ’Rough’ or ’Smooth’ by at least 5 out of 8 annotators.
2) Voice distortion may have occurred during the voice conver-
sion process, resulting in altered speaking styles for the target
speakers.

1https://github.com/facebookresearch/fairseq/blob/main/examples/hubert
2https://github.com/bshall/knn-vc
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Table 2: Multi-label classification results for ResNet-34 and SpeechMLC in terms of F1-scores.

Experiments
Female Male Adult Teenager Dark Bright Rough Smooth Average

Model Feature Augment
ResNet-34 Mel80 x 0.901 0.917 0.402 0.402 0.418 0.435 0.388 0.461 0.541

SpeechMLC
Mel80 x 0.855 0.950 0.706 0.709 0.863 0.767 0.460 0.528 0.730

HuBERT x 0.931 0.996 0.898 0.899 0.916 0.853 0.668 0.513 0.834
HuBERT o 0.930 0.995 0.903 0.906 0.916 0.856 0.669 0.537 0.839

Figure 4: Detection probabilities of SpeechMLC for the pres-
ence of “Dark” and “Bright” on unseen emotional speech
datasets in English, Chinese, and German, applied towards ut-
terances annotated as “Happy” or “Sad”.

5.3. Performance with unseen corpus

To evaluate our model’s performance in an out-of-domain set-
ting, we looked at the probabilities that it detects the presence
of ‘Dark’ and ‘Bright’ classes in unseen emotional speech data
in Figure 4. We performed classification on publicly avail-
able emotional speech data in various languages, including En-
glish, Chinese, and German. Specifically, we adopted the ESD
dataset [9], RAVDESS [10], and a Berlin EmoDB [35]. Be-
cause samples in these datasets do not explicitly contain anno-
tations corresponding to “Dark” and “Bright”, we considered
samples with the labels “Happy” and “Sad”, which we judged
to have high similarity with “Dark” and “Bright”. To obtain data
with clearly expressed emotions, for RAVDESS, we specifically
selected utterances with strong emotional intensity. For ESD,
we report results depending on each language represented in
the data (ESD-English, ESD-Chinese). For all three datasets,
we found that the probability of detecting “Bright” was higher
than that for “Dark” in the utterances labeled as “Happy”. In
EmoDB, the probability of detecting ’Dark’ was very high,
while ’Brightness’ was rarely detected in a sad voice. On the
other hand, we saw similarly low probabilities of detection for
both “Dark” and “Bright” in “Sad” voices on ESD-English and
RAVDESS. We suspect that the low probabilities for “Dark” in
the “Sad” utterances are due to many of the voice actors produc-
ing speech in a somewhat neutral tone. In addition, we suspect
that the higher probabilities for “Bright” compared to “Dark”
in ESD-Chinese are due to the tonal characteristics of Chinese,
which include a wider variety of prosodic features.

Figure 5: F1-score of SpeechMLC when applied to samples with
agreement between 4 or fewer vs. 5 or more annotators.

5.4. Impact of human annotator agreement

In speaking style classification datasets, label annotations are
based on the subjective decisions of human annotators. There-
fore, the quality of human annotations is crucial in determining
the quality of the dataset, and is closely related to model per-
formance. To analyze the effect of human annotation on model
performance, for all 8 classes, we plot the F1-score of our model
when applied to samples with agreement between 4 or fewer
vs. 5 or more annotators. As shown in Figure 5, we observed
that lower annotator agreement in labeling corresponds to lower
model performance, implying that using datasets annotated with
low-quality labels can make it difficult to evaluate model perfor-
mance accurately. This emphasizes the need for creating more
high-quality speech datasets with speaking style annotations in
order to develop reliable models that can capture these diverse
characteristics.

6. Conclusion
In this paper, we introduced SpeechMLC, a multi-label classi-
fication framework for detecting multiple speaking styles in a
speech utterance. To the best of our knowledge, this is the first
work that attempts to solve this task. Our model combines Hu-
BERT features with learnable style queries using cross-attention
in a transformer decoder-based architecture, and outperforms a
ResNet-34 baseline on the multi-label classification task. We
also addressed class imbalance problems in our dataset by gen-
erating more samples for underrepresented classes with a voice
conversion model, and studied our model’s generalizability to
unseen emotional speech datasets across 3 different languages.
Finally, we analyzed how our model’s performance is affected
by the level of human annotator agreement in the data, high-
lighting the need for further work and data in this domain in
order to develop machine learning models that can reliably cap-
ture diverse stylistic characteristics of speech.
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