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Abstract—This work describes an approach to automatically
compute the attractiveness of a voice based only on speech audio
input, while linking such perceptual criteria to the identified
spectro-temporal regions. Voice attractiveness plays a crucial
role in the effectiveness of human–computer interaction systems,
including speech synthesis technologies and virtual assistants. To
this end, both traditional machine learning and deep learning
methods were employed. More specifically, a Support Vector
Regression model and a Convolutional Neural Network combined
with bidirectional Long Short-Term Memory (CNN–BiLSTM)
layers, were created and compared. Importantly, we adopted a
standardized speaker-independent experimental protocol along
with a publicly-available corpus facilitating the reproduction of
this study. Interestingly, the CNN–BiLSTM model provided lower
prediction errors and a positive coefficient of determination R2,
outperforming the SVR model. The comparison between actual
and predicted Mean Opinion Score values indicated that the
largest differences were found at the extremities of the perceptual
scale. Moreover, we produced Grad-CAM visualizations charac-
terizing the model operation when processing speech coming from
different genders and attractiveness levels. There, we observe
that the network is focused on high-frequency regions that are
related to brightness and harmonic stability. At the same time,
non-attractive voices show more scattered activation patterns.
These results contribute to the understanding of the relationship
between subjective perceptual impressions and objective acoustic
modelling mediated by explainable deep learning.

I. INTRODUCTION

Voice attractiveness is one of the key factors influencing
the success of human–computer interaction systems of the
present day such as speech synthesis, virtual assistants, audio-
book narration, and advertising applications [1]–[4]. A voice
that sounds pleasant may increase user engagement, loyalty,
and emotional connection, which makes vocal attractiveness
prediction a relevant direction for affective computing and
multimodal user experience design [5], [6]. Biologically, vocal
attractiveness emerges from a combination of acoustic proper-
ties and perceptual mechanisms shaped by human cognition.
It not only includes the measurable characteristics of the voice
but also the subjective evaluations of the listeners [7], [8].

As shown by Suda et al. [9], attractiveness judgments
depend not only on static spectral cues but also on dynamic
prosodic and temporal variation. The question of what makes
a voice ”attractive” is becoming more and more relevant for
the design of expressive and human-like speech synthesis with
the fast development of AI-generated voices and text-to-speech

technologies [3], [6]. Conventional acoustic models based
on handcrafted features—such as Mel Frequency Cepstral
Coefficients (MFCCs) and spectral centroid measures [10],
[11] are likely to overlook complex nonlinear dependencies
that exist between the spectral and temporal dimensions. On
the other hand, deep learning algorithms are able to perform
automatic hierarchical auditory feature extraction directly from
spectro-temporal data, thus, enabling major advances in emo-
tion recognition, speaker identification, and perceptual quality
estimation [12], [13].

Motivated by these advancements, this research goes one
step further and examines the prediction of vocal attrac-
tiveness using both conventional and deep learning models.
As a preliminary step, a Support Vector Regression model
was fit on low-level acoustic descriptors. Subsequently, a
CNN–Bidirectional LSTM network was created directly on
Mel-spectrograms. The CNN–BiLSTM model outperformed
the SVR both on the validation and test sets. The convolutional
layers capture localized spectral structures, while the BiLSTM
layers learn long-range temporal dependencies across speech
frames. Importantly, all experiments were conducted on a
suitable and publicly-available corpus following a speaker-
independent protocol.

Afterwards, to thoroughly understand its predictions,
Gradient-weighted Class Activation Mapping (Grad-CAM)
was used to show the areas of time–frequency that most
influenced model predictions. Such explanations showed that
the network mainly attends to high-frequency regions related
to the brightness and the harmonic clarity of the attractive
voices, while in the non-attractive samples the attention is
more disjointed and less consistent. Furthermore, the visu-
alizations reveal minor yet persistent differences across gen-
der–attractiveness combinations, following the network’s focus
on gender-specific spectral patterns.

To the best of our knowledge, this work is among the
first to investigate automatic voice attractiveness prediction as
a continuous regression task using a deep spectro-temporal
model combined with interpretability analysis. In addition to
quantitative performance evaluation, we provide qualitative in-
sight through Grad-CAM visualizations showing how acoustic
patterns may influence the model’s attractiveness predictions.
The implementation of the complete pipeline will be made
available upon acceptance.

The main contributions of this work are threefold:



• We formulate voice attractiveness prediction as a contin-
uous MOS regression task on a public corpus under a
speaker-independent protocol.

• We compare a handcrafted-feature SVR baseline with
a CNN–BiLSTM model operating on Mel-spectrograms
and show that the latter yields lower prediction error.

• We apply Grad-CAM to analyze spectro-temporal regions
associated with attractiveness predictions, providing an
interpretable perspective on the learned acoustic corre-
lates.

II. RELATED WORK

Research on vocal attractiveness and pleasantness is be-
coming increasingly sophisticated and intricate over the last
few decades. This domain has attracted attention from various
scientific fields like phonetics, psychology, and speech tech-
nology. In their pioneering research, Varošanec-Skarić et al.
[14] delved into the areas of acoustics that correspond to the
production of a pleasant voice, by studying the distribution of
spectral energy via long-term average spectra. What emerged
from the results was the idea that a pleasant male voice has
more relative energy below 300 Hz, while a pleasant female
voice showed less differentiation, pointing to the existence of
gender-specific perceptual mechanisms in voice evaluation.

Zuta et al. [15] extended the research by investigating
the ideas that listeners form of the physical attributes of a
person from the vocal attractiveness. They concluded that
non-linguistic cues in speech could evoke in the listener’s
mind a visual image of the speaker’s physical appearance.
These results had the effect of stressing that vocal pleasantness
is perpetually multidimensional not only from an acoustical
perspective but also a perceptual one.

Several perceptual experiments have been conducted with
the aim of finding a connection between vocal parameters
and the biological and aesthetic features that the listener
attributes to the source of voice. Collins et al. [16] were able
to prove that the voices of women with higher fundamental
frequency and lesser formant spacing are perceived as more
attractive; at the same time, they associate these features
with feminine physical characteristics. Along the same line,
Bruckert et al. [17] discovered that composite or “average”
voices—obtained through the blending of multiple speech
samples—are consistently judged as more attractive, which
unfolds that vocal attractiveness follows statistical regularities
similar to those of facial attractiveness. These studies set a
foundation for empirical evidence that the human preference
for specific voice features is not a matter of chance but has a
basis in acoustic patterns that can be reproduced.

With the advancements on speech technology, researchers
shifted their attention to the objective modelling of voice
pleasantness. One of the earliest automatic systems for classi-
fying pleasantness and estimating its intensity constructed by
Pinto-Coelho et al. [3] incorporated acoustic, prosodic, and
signal-based features in a machine-learning framework. Their
system accomplished an error rate of 9.1% in classification
and 15.7% in intensity estimation, thus showing that the

Fig. 1. Distribution of Mean Opinion Score values in the CocoNut-
Humoresque corpus.

subjective impressions of voice quality could be convincingly
simulated by using quantitative descriptors. In a similar objec-
tive, Gocsál and Urbanics [5] took a musical angle on vocal
pleasantness, setting forth the theory that pitch intervals and
melodic patterns might be the factors that explain the perceived
pleasantness. As no direct linkage between musical intervals
and pleasantness was established, their outcome pointed to the
idea that the appreciation of vocal beauty is primarily related
to prosodic structure.

Recently, Suda et al. [9], [18] developed the CocoNut-
Humoresque corpus, which is the first extensive and ”in-
the-wild” dataset for the study of vocal likability comprising
1,800 speech segments rated by 885 listeners. Significantly,
the dataset is publicly available for research purposes, while
their work revealed systematic gender and age biases in
likability judgments. Overall, prior research has progressed
from qualitative acoustic and perceptual analyses toward more
data-driven modeling approaches. In contrast to earlier studies
that primarily focused on perceptual analysis or traditional
machine-learning methods, our work investigates continuous
MOS prediction using a spectrogram-based DNN and com-
plements it with Grad-CAM-based interpretability analysis.

III. DATASET DESCRIPTION

Our experiments were conducted on the CocoNut-
Humoresque speech corpus [18], a large-scale Japanese speech
likability dataset specifically designed for the study of per-
ceptual voice evaluation. The corpus includes 1,800 speech
segments of ten different types of speakers and rated by 885
human listeners of different genders and ages. Each listener
rated the vocal attractiveness on a 1–6 scale, with higher values
indicating greater pleasantness. Fig. 1 shows the distribution
of MOS ratings in the CocoNut-Humoresque corpus. Most
notably, raters were asked to pay attention only to the sound
quality and to ignore the linguistic content of the utterances.

The speech recordings are supplemented with metadata
that detailed the speaker (e.g., sex, age, recording conditions)
and the listener (e.g., demographic and perceptual profiles)
from whom the speech samples were obtained. The detailed
information contained in the metadata allows the analysis of
sociophonetic biases in listeners’ perception, for example by
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Fig. 2. The architecture of the developed Convolutional Neural Network
combined with bidirectional Long Short-Term Memory.

showing how gender, age, or familiarity influence attractive-
ness judgments.

Such analyses of the CocoNut-Humoresque corpus [9] re-
vealed two consistent perceptual trends: male listeners gen-
erally rated female voices as more attractive, and younger
listeners tended to assign higher MOS scores overall. In addi-
tion to these perceptual patterns, the authors reported several
acoustic correlates of likability, showing that fundamental
frequency (F0), formant positioning, and x-vector embeddings,
i.e., fixed-dimensional speaker representations extracted from
deep speaker recognition models, are strongly associated with
the preference ratings assigned by human listeners.

CocoNut-Humoresque was selected as a suitable benchmark
for vocal attractiveness prediction due to its public availability,
scale, and perceptual richness. These properties make it a
relevant resource for training and evaluating models that aim
to capture the subjective and multidimensional nature of vocal
attractiveness. Besides the MOS scores, gender information
was used in the Grad-CAM analysis to study attractiveness
across speech coming from different genders.

IV. PROPOSED METHODOLOGY

The implemented pipeline for vocal attractiveness prediction
was designed as a seven-stage framework including: a) data
preprocessing and MOS assignment, b) feature extraction,
c) Support Vector Regression, d) CNN–BiLSTM learning,
e) model evaluation, f) error analysis, and g) Grad-CAM based
interpretation.

A. Feature Extraction and SVR Baseline

Firstly, feature extraction involved calculating a set of hand-
crafted acoustic descriptors that would effectively represent the
core timbral and prosodic aspects of the sound sample. These
descriptors included MFCCs, the mean and variance of the
fundamental frequency (F0) and the spectral centroid [10],
[19]. Collectively, these descriptors characterize vocal color,
the harmonic structure, and the pitch distribution, which are
low-level acoustic correlates potentially related to attractive-
ness. The extracted features were normalized over the dataset
using the z-score scheme. After preliminary experiments, the
SVR model employed a Radial Basis Function kernel. This
classical approach was selected because of its ability to model
nonlinear relationships and capture perceptual information
[20], [21].

B. CNN–BiLSTM Model

Moving beyond handcrafted features, a CNN–BiLSTM
model was designed to learn spectro-temporal dependencies
directly from Mel-spectrograms. Each audio segment was
resampled to 16 kHz, transformed into a Mel-spectrogram with
64 Mel bins and 128 time frames, and normalized through
per-sample z-score normalization in order to facilitate training
stability. The final model, determined through grid-search-
based hyperparameter tuning, consists of two convolutional
layers followed by a bidirectional LSTM layer (see Fig. 2).
The convolutional layers extract localized spectral patterns
related to harmonic energy and formant distribution, whereas
the bidirectional LSTM layer captures temporal dynamics in
both forward and backward directions.

The CNN–BiLSTM network was optimized using the
AdamW algorithm and a mean squared error loss function. The
model was trained for up to 20 epochs with a batch size of 8.
Training was regularized using two callbacks: EarlyStopping,
which stopped training when the validation loss plateaued, and
ReduceLROnPlateau, which gradually decreased the learning
rate to support fine-tuning of the optimization process. The
initial learning rate was set to 5 × 10−3 and was reduced as
needed to as low as 10−5.

C. Evaluation Protocol

Assessment on both the validation and held-out test sets was
performed using a standardized speaker-independent protocol
in order to evaluate generalization to unseen speakers. Both
models were evaluated using Mean Squared Error (MSE),
Mean Absolute Error (MAE), and the coefficient of determi-
nation (R2). These metrics were selected to reflect both the
magnitude of prediction errors and the proportion of variance
explained in the MOS annotations.

D. Grad-CAM-based Interpretation

Model predictions were further examined using Grad-CAM
[22], [23], which computes the gradient of the model output
with respect to the final convolutional layer and produces
a heatmap indicating the time–frequency regions that most
influenced the prediction. Grad-CAM visualizations were gen-
erated for four contrasting gender–attractiveness combinations
(female/male × high/low MOS), allowing us to inspect dif-
ferences not only between attractiveness levels but also across
gender-related spectro-temporal patterns.

V. EXPERIMENTAL RESULTS AND ANALYSIS

The obtained results are shown in Fig. 3. The SVR model
achieved relatively consistent performance on both validation
and test sets, suggesting that low-level acoustic features such
as MFCCs, F0, and spectral centroid carry information relevant
to vocal attractiveness perception, in agreement with previous
studies (see Section II).

The CNN–BiLSTM model was able to generalize more
accurately as it takes into account nonlinear dependencies
between spectral and temporal structures in the speech signal
[24], [25]. The bidirectional recurrent layers gave the model



Fig. 3. Comparison of SVR and CNN–BiLSTM on the validation and test sets in terms of MSE, MAE, and R2. Lower MSE/MAE and higher R2 indicate
better regression performance.

the ability to consider context not only from the past but also
from the future, hence, the model became more sensitive to
prosodic flow and temporal coherence.

The CNN–BiLSTM model achieved an MSE of 0.4643
and an MAE of 0.5402 on the test set, corresponding to an
average prediction error of approximately ±0.54 MOS points.
Moreover, it reached a positive R2 value of 0.0875, indicating
that it explains a measurable portion of the variance in human
attractiveness ratings while consistently outperforming the
SVR baseline.

Although the absolute performance remains moderate, these
results should be interpreted in the context of the difficulty of
the task. Voice attractiveness is inherently subjective, and the
target MOS values reflect aggregated judgments from multiple
listeners rather than a fully objective ground truth. Therefore,
the reported improvement is better viewed as a reproducible
research baseline and a first step toward practical modeling
of vocal attractiveness, rather than as a deployment-ready
solution.

To get a better understanding of the model’s performance,
a continuous residual curve (Fig. 4) was drawn by sorting
samples in accordance with their ground-truth MOS. This
figure shows that the highest errors are committed mainly in
extreme MOS values, whereas for the mid-range scores, the
prediction patterns are more stable. The trend is a mirror of the
problem of modelling extreme perceptual judgments, which
are less represented in the data distribution. Interestingly, this
analysis is in line with the global metrics presented in [9].

The results suggest that the CNN–BiLSTM model is able to

Fig. 4. Continuous prediction residuals of the CNN–BiLSTM model sorted
by increasing ground-truth MOS values. The horizontal axis represents test
samples ordered by true MOS, while the vertical axis shows the signed
prediction residual (predicted MOS minus ground-truth MOS).

capture patterns in the acoustic space that are associated with
perceived attractiveness. This improvement can be attributed
to the depth of the CNN encoder, bidirectional temporal mod-
elling and adaptive optimization through early stopping and
learning-rate scheduling, all of which contributed to stabilizing
convergence and lowering overfitting.

Nevertheless, the relatively moderate absolute performance
is a manifestation of the inherent difficulty of the task despite
the progress made. Vocal attractiveness is a subjective and
multidimensional phenomenon whose main factors are emo-
tion, prosody, and speaker identity, which cannot be entirely
deduced from acoustic cues. The inter-rater variability within
the dataset acts as a limiting factor for the upper bound of
achievable accuracy. Actually, Suda et al. [9] conducted an
explicit analysis of variability across listener groups. They
found that there are statistically significant differences in the
variance of MOS between demographic groups and especially
pointed out that female listeners showed greater score variance
than male listeners and that younger participants also tended
to rate voices with higher variability. These results serve as
a quantitative confirmation that the perceptual evaluation of
vocal attractiveness is inconsistent among listeners, which
accounts for the moderate prediction performance encountered
in this research. Hence, even relatively small improvements in
model accuracy can have a significant impact, as they take
place in a context characterized by large subjective variability
in human ratings.

This study also has several limitations. First, experiments
were conducted on a single publicly available corpus in
Japanese, which may limit generalization across languages,
cultures, and speaking styles. Second, we did not perform
repeated runs across multiple random seeds or statistical
significance testing, and therefore the observed performance
differences should be interpreted with appropriate caution.
Third, the comparison was limited to an SVR baseline and did
not include stronger neural or self-supervised speech baselines,
which remain important directions for future work.

VI. EXPLAINABILITY AND DISCUSSION

A. Grad-CAM Implementation

Even though quantitative metrics characterize predictive
accuracy, they do not explain why the model associates specific



Fig. 5. Grad-CAM visualizations across gender and attractiveness levels. Each
panel shows averaged relevance over the test set, highlighting the spectro-
temporal regions that most strongly influenced the CNN–BiLSTM model’s
attractiveness predictions.

acoustic patterns with higher or lower attractiveness. To ad-
dress this issue, Grad-CAM was applied to the CNN–BiLSTM
network in order to identify the time–frequency regions that
most strongly influenced the model’s predictions. Four gender–
attractiveness combinations (female/male × high/low MOS)
were examined, allowing us to analyze whether the model’s
focus changes not only across attractiveness levels but also
across speaker gender.

The explainability analysis relied on Grad-CAM, a visu-
alization technique that highlights spectro-temporal regions
with high relevance for the network’s output [22], [23]. More
specifically, Grad-CAM was applied to the last convolutional
layer to generate relevance heatmaps indicating the frequency
bands and temporal structures most strongly associated with
attractiveness predictions. Fig. 5 visualizes these heatmaps
averaged over the test set.

B. Spectro-temporal Patterns Across Attractiveness Levels

Overall, the Grad-CAM heatmaps suggest that the CNN–
BiLSTM model primarily focuses on spectro-temporal patterns
in the low and high-frequency ranges. In highly attractive
voices (both female and male), the model’s attention is more
strongly concentrated around stable harmonic structures and
upper-formant energy, which appear to be associated with
higher attractiveness predictions. On the other hand, unattrac-
tive voices are characterized by more diffuse, fragmented, and
inconsistently distributed activation patterns.

The observed high-frequency emphasis is consistent with
perceptual studies suggesting that listeners rely on upper-
formant structure and spectral clarity when judging vocal
appeal. These regions are related to timbral features associated
with vocal tract resonance, the breathiness, and the articulatory
precision, all of which are known to be contributors to the
perceived attractiveness (see Section II).

C. Relation to Perceptual Research

Moreover, the weak and spatially more spread-out acti-
vations in low-MOS samples indicate that the model may
be less confident in representing these samples, which often
correspond to segments with weak periodicity or unstable

Fig. 6. User interface of the system demonstration. The user can record or
upload a speech sample, after which the model predicts the attractiveness score
and compares it to the reference distribution of the CocoNut-Humoresque
dataset.

harmonic structure. Such a behavior is in line with the larger
prediction errors at low MOS values as discussed in Section V.
These findings are in line with Suda et al. [9], [18] who
have come to similar conclusions focusing on the role of
formant-related cues, harmonic stability, and spectral clarity
in influencing voice likability. The patterns of the Grad-
CAM shown here substantiate the argument that perceived
attractiveness cannot be fully explained by simple prosodic or
pitch-based cues but higher-level spectral organization plays a
crucial role.

Overall, the Grad-CAM analysis provides a perceptually
grounded and interpretable view of the model’s behavior.
Attractive voices tend to elicit stronger and more coherent
activation patterns, whereas low-MOS voices are associated
with weaker and more scattered relevance maps. These visu-
alizations help connect computational modeling with human
perceptual evaluation by illustrating how acoustic cues may
influence model predictions across gender and attractiveness
levels.

VII. SYSTEM DEMONSTRATION

To illustrate the practical usability of the proposed frame-
work, we implemented an interactive demonstration system.
The demo allows a user to upload a speech sample or
record a voice segment through a microphone, after which
the trained CNN–BiLSTM model predicts the corresponding
attractiveness score. An overview of the interface is shown in
Fig. 6.

The input audio is first converted into a normalized Mel-
spectrogram and then forwarded to the trained neural network,
which outputs a continuous MOS estimate. In addition, the
system compares the predicted score with the MOS distribu-
tion of the CocoNut-Humoresque corpus, providing percentile-
based feedback. The demo was implemented using the Gradio
framework (https://www.gradio.app/) and is intended primarily
as an illustrative research prototype rather than a production-
ready application.

VIII. CONCLUSION

This work presented an approach for speech attractiveness
prediction together with an interpretable analysis framework.



The results showed that the proposed CNN–BiLSTM achieved
better generalization than the SVR baseline, reaching a valida-
tion MSE of 0.3920 and a test MSE of 0.4643, together with a
test MAE of 0.5402 and a positive coefficient of determination
(R2 = 0.0875). These results suggest that the CNN–BiLSTM
is able to identify acoustically meaningful patterns related to
vocal attractiveness. The error analysis, conducted through the
continuous residual curve, highlighted that prediction difficulty
increases at perceptual extremes. This is due to limited data
availability and more variable ratings in those ranges. The
proposed approach provides a useful basis for further research
in speech synthesis, affective voice design, and human–AI
auditory interaction [3], [26], [27].

Via an explainable AI technique, we produced visualizations
for all four gender–attractiveness combinations and observed
that vocal attractiveness is mainly reflected in high-frequency
bands characteristic of brightness, harmonic richness, and
timbral clarity, whereas the low-frequency energy was not
as significant. At the same time, non-attractive voices are
associated with more diffused activation patterns.

The present study supports the idea that vocal attractiveness
is not solely determined by fixed tonal qualities of a voice, but
rather by spectral and temporal variations, which are able to
transmit clarity, warmth, and emotional liveliness [5], [14],
[16], [17]. The obtained results further support the potential
of deep neural architectures to represent complex perceptual
characteristics of speech and motivate future work on more
perceptually informed and interpretable auditory AI systems.

At the same time, the moderate absolute performance and
the use of a single corpus indicate that further validation is
required before such systems can be considered for broader
real-world deployment. Based on the presented findings, future
work will focus on approaches for handling imbalanced data
environments, such as sample weighting and selection [28], as
well as audio augmentation methods [29], [30]. In addition,
stronger baseline comparisons, repeated experiments across
multiple random seeds, and the inclusion of self-supervised
speech representations will be considered in order to provide
a more comprehensive evaluation of the task.
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