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ABSTRACT In this paper, we propose the Self-Attention-basedMasked Spectrogram Generation (SAMSG)
method to address the problem of model overfitting and improve generalization performance in speech
emotion recognition under limited data conditions. A key challenge in many emotional speech datasets
is that a small set of fixed sentences is repeatedly uttered with different emotional expressions, which can
cause models to overfit to sentence-specific acoustic patterns rather than learn generalizable emotion-related
features. To overcome this limitation, the proposed SAMSG method utilizes a pure self-attention-based
model (DeiT) to obtain attention maps and applies the attention rollout technique to extract regions of high
importance from time-frequency spectrograms. It then selectively masks only the regions that are important
for emotion recognition, encouraging the model to learn complementary emotional information from less
attended areas. This approach addresses the learning bias commonly seen in self-attention models, which
tend to over-focus on localized regions of the input. The originality of the SAMSG method lies in its use of
self-attention-driven masking, which—unlike conventional random masking—removes regions the model
itself considers important, thereby promoting the learning of more diverse and robust emotional features.
Our method alleviates overfitting without requiring external data or large-scale datasets, and achieves strong
generalization even in data-constrained environments. Experiments conducted on the SAVEE, EmoDB,
and CREMA-D datasets show that the proposed SAMSG method outperforms existing self-attention-based
models, achieving accuracies of 94.44%, 96.30%, and 85.94%, respectively. It also attains macro-averaged
F1-scores of 0.9401, 0.9692, and 0.8595, demonstrating consistent robustness across diverse emotional
speech corpora.

INDEX TERMS Speech emotion recognition, self-attention-based, masked spectrogram generation, self-
supervised learning, vision transformer.

I. INTRODUCTION
Speech emotion recognition task aims to identify the
emotional state of a speaker from a speech signal, which
is important for human-computer interaction, medical, and
affective computing.
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Some emotional speech datasets exhibit structural charac-
teristics that can inadvertently lead to overfitting. Specific
dataset [1] consist of a small set of fixed sentences that
are repeatedly uttered with varying emotional states and
intensities, such as anger, fear, and happiness. This design can
lead models to rely too heavily on sentence-specific acoustic
patterns rather than learning robust, emotion-related features
distributed across time and frequency. This problem is
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common in the real world. However, when people lie to hide
their emotions, but we can still detect them by the tremors and
pitch of their voices that are not hidden. This problem often
leads to overfitting, which limits the generalization perfor-
mance of models, and several previous studies [2], [3], [4]
have achieved low accuracies (e.g., 68.81–70.47%) when
trained on datasets with these characteristics. These results
suggest that existing approaches may struggle to identify
subtle emotional cues in situations where the repetitive
sentence structure of the dataset makes it easy for the model
to remember sentence-level artifacts. Based on these limita-
tions, this study explores whether actively masking regions
that the model has carefully observed can mitigate overfitting
and facilitate learning complementary emotional information
beyond repetitive sentence cues. We use self-attention as
a tool for this exploration. Self-attention has demonstrated
impressive performance in many fields, including natural
language processing (NLP) task [5], [6], [7]. In image clas-
sification tasks [8], [9], [10], [11], [12] self-attention allows
models to assign higher attention scores to spatial regions that
contain semantically significant objects, thereby enabling
them to focus on visuallymeaningful features [13]. In speech-
related tasks such as speech recognition [14], [15], [16], [17]
and speech emotion recognition [18], [19], [20], [21], self-
attention captures the relative importance and relevance of
features across both time and frequency. These properties
are particularly valuable in speech emotion recognition,
where emotional cues are unevenly distributed throughout
an audio signal. Self-attention’s ability to assign different
levels of importance across the spectrogram allows the
model to focus dynamically on prosodic variation, timbre,
and energy contours—features that are strongly associated
with emotion but may occur at any point in the signal.
This makes self-attention a powerful tool for detecting
subtle yet significant emotional indicators throughout an
utterance. These properties of self-attention can also be used
as guidance. For instance, Self-Attention Guidance (SAG)
enhances attention during denoising processes, guiding the
model to focus on informative areas while avoiding irrelevant
or noisy information [22]. SAG is particularly effective
in uncertain or low-confidence data, helping the model
suppress overly confident focus on incorrect regions or
avoid completely ignoring relevant but uncertain areas.
However, the accuracy of SAG depends on the base
model’s ability to generate reliable attention maps; if the
model misidentifies key regions, the guidance may become
inaccurate. We adopt SAG to solve the problem that
relies too much on sentence-by-sentence acoustic patterns
mentioned above, and propose a new training strategy
called Self-Attention-basedMasked SpectrogramGeneration
(SAMSG). The SAMSG leverages self-attention guidance to
identify the most important time-frequency regions within
the spectrogram and selectively masks them during training.
Inspired by masked self-supervised learning, the SAMSG
applies masking in a supervised setting using only labeled
data, encouraging the model to learn robust representations

from less dominant regions and improving generalization.
Unlike traditional pretraining-based masking approaches that
rely on large amounts of unlabeled data, the SAMSG achieves
effectiveness using only the available labeled datasets.
Moreover, self-attention models typically require large-scale
training data to avoid overfitting or underfitting. SAMSG
mitigates this limitation by masking highly attended regions
and compelling the model to learn from less salient areas,
improving its ability to generalize. As a result, the proposed
method supports robust emotion recognition even in data-
constrained environments.

The main contributions of this study are summarized as
follows:

• We propose the SAMSG, a novel masking strategy
guided by self-attention, which identifies and selectively
masks emotionally salient time-frequency regions dur-
ing training.

• Our method applies masking in a purely supervised
setting using only labeled data, avoiding the need
for large-scale unlabeled datasets typically required by
pretraining-based masking approaches.

• By encouraging the model to learn from less dom-
inant regions of the spectrogram, SAMSG improves
generalization performance and reduces overfitting in
limited-data.

• The proposed SAMSG framework enables robust speech
emotion recognition, even when emotional speech data
is scarce or imbalanced.

The topics covered in each section of this paper are as
follows: Section II reviews related works on recent deep
learning methods for speech emotion recognition and related
tasks. Section III details the proposed SAMSG method,
including subsections on converting speech to log-Mel
spectrograms, multi-head self-attention, model architecture,
and the proposed SAMSG framework. Section IV presents
experimental settings, covering the datasets used, evaluation
setup, and ablation studies; it also demonstrates that the
proposed SAMSG method is effective not only on datasets
characterized by fixed sentences repeatedly uttered with
varying emotional states and intensities, but also on general
speech emotion recognition datasets. Finally, Section V
summarizes the findings and concludes the paper.

II. RELATED WORKS
Self-attention was originally introduced NLP and other
sequence modeling tasks. However, the introduction of the
Vision Transformer (ViT) [23], which tokenizes images into
patches and processes them using self-attention, marked a
significant advancement in computer vision. ViT achieved
competitive, and in some cases superior, performance
compared to Convolutional Neural Networks (CNN) [24].
Nevertheless, Dosovitskiy et al. [23] observed that training
ViT on medium-sized datasets such as ImageNet-1k [25]
led to suboptimal performance unless it was pretrained on a
substantially larger dataset like JFT-300M [26].
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To address this, Touvron et al. [27] introduced a knowl-
edge distillation approach in which a ViT (student) learns
from a CNN (teacher) via a dedicated distillation token. This
method enabled ViT to reach a top-1 accuracy of 83.1%
on ImageNet-1k without requiring external data beyond the
training set.

Owing to the data-intensive nature of ViT, many audio-
related tasks—including automatic speech recognition and
speech emotion recognition have adopted ViT pretrained
on large-scale image datasets. For instance, Gong et al. [2]
applied a pretrained ViT to keyword spotting and sound
classification. They found that while a patch size of 128×2
better preserves time–frequency structure for spectrograms,
the lack of pretrained models for such configurations forced
them to use the standard 16×16 patch size.

To better adapt self-attention to the spectral structure
of audio, Ristea et al. [3] proposed the Separable Trans-
former, which applies distinct attention mechanisms along
the time and frequency axes via horizontal and vertical
transformer branches. This approach achieved state-of-the-art
performance in keyword spotting, sound classification, and
speech emotion recognition tasks without requiring external
unlabeled data, while using relatively small token sizes, fewer
attention heads, and shallower depths compared to standard
ViT models.

Other approaches have explored feature engineering and
hybrid architectures to improve speech emotion recognition.
Kanwal and Asghar [28] introduced a clustering-based
genetic algorithm (GA) to select optimal feature subsets from
grouped acoustic features, achieving better classification
performance than traditional feature sets. Kakuba et al. [29]
proposed an attention-based multi-learning architecture com-
bining dilated convolutions and self-attention to effectively
capture long-range emotional dependencies in speech. Their
model uses spectral and voice quality features extracted from
raw speech signals. The design enables parallel processing
with a large receptive field while maintaining a relatively
low parameter count, and it outperforms conventional CNN
and Long Short-Term Memory (LSTM)-based models [30].
Ong et al. [31] extended multiscale ViT by introducing Mel-
MViTv2, a ViT-based model tailored for speech emotion
recognition with improved stability and accuracy through
multiscale mel-spectrogram processing and self-attention.

Zhang et al. [32] proposed PM-SERNet, a parallel-
branch speech emotion recognition model that learns from
multiple feature spaces and integrates them via attention-
weighted aggregation, improving robustness especially for
emotionally ambiguous samples. Dal Rì et al. [4] con-
ducted a large-scale benchmark of CNN-based architectures,
analyzing their strengths, limitations, and the impact of
preprocessing and augmentation strategies on speech emotion
recognition performance. Jothimani and Premalatha [33]
proposed MFF-SAug, a multi-feature fusion framework
with spectrogram augmentation for speech emotion recog-
nition that extracts Mel-Frequency Cepstral Coefficients

(MFCC), Zero-Crossing Rate (ZCR), and Root Mean
Square (RMS) features, applies silence removal, white-noise
injection, and pitch-tuning augmentations, and feeds them
into a lightweight 1D CNN, achieving improved result.
Mishra et al. [34] explored a multi-resolution variational
mode decomposition technique to extract diverse emotional
features, such as MFCC and entropy-based descriptors,
achieving superior results in speech emotion recognition.
Ong et al. [35] proposed MaxMViT-MLP, a dual-path trans-
former architecture that fuses Constant-Q Transform (CQT)
and Mel-STFT spectrograms using MaxViT and MViTv2
backbones, respectively. The outputs are combined via a
lightweight multilayer perceptron (MLP), capturing both
local and global patterns in time–frequency space for
improved emotion recognition.

Radoi et al. [36] proposed an end-to-end temporally
aggregated audio-visual network that randomly samples
asynchronous audio–video windows across fixed segments
to both fuse modality-specific features via lightweight
CNN branches and naturally augment limited labeled data,
achieving real-time, outstanding result in emotion recog-
nition. Radoi et al. [37] proposed a lightweight CNN-based
multimodal emotion recognition framework that reuses the
same audio and visual networks across multiple temporal
segments and employs an uncertainty-based iterative learning
procedure—selecting and annotating the most uncertain
samples each epoch—to minimize annotated data require-
ments; Their proposed method achieves improved result in
audio-visual emotion recognition with only 2.7M parame-
ters and real-time inference capability. Goncalves et al. [38]
proposed Versatile Audio-Visual Learning (VAVL), a VAVL
framework that unifies multimodal and unimodal emotion
recognition in a single architecture. An auxiliary uni-
modal reconstruction task encourages the model to retain
modality-specific characteristics while the shared layers learn
cross-modal representations. VAVL can be trained on audio-
only, visual-only, or paired data and seamlessly switches
between categorical classification and continuous attribute
regression. Goncalves et al. [39] proposed a joint learning
framework that leverages both unimodal (voice-only, face-
only) and multimodal (audio–visual) annotations within
a single architecture: modality-specific branches are first
pre-trained on their respective labels, then frozen and fused
via shared conformer layers trained on audio–visual labels,
yielding improved F1 scores, better calibration, and reduced
bias.

Despite these advancements, deep learning models trained
on limited emotional speech data often suffer from overfit-
ting. We observed that such models tend to focus excessively
on a small set of highly salient regions in the spectrogram,
ignoring more subtle yet semantically important cues.
To mitigate this, we propose a new training strategy that
leverages attention maps to identify the most critical regions
of a spectrogram and mask them during training. Inspired
by masked language modeling and masked image modeling
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FIGURE 1. The entire process of the SAMSG method proposed in this paper. Yellow represents the CLS token, red represents the distillation token, blue
represents the token after linear projection, light green represents the positional embedding, orange represents the CLS token and distillation token
added and divided in half, and dark green represents the output token. i) Attention map generation process for the SAMSG: Training self-attention to
determine which regions of the spectrogram are important for speech emotion recognition. ii) Self-supervised learning using the SAMSG: By applying
attention rollout to the attention map generated in stage i, unimportant areas are removed, values are inverted to generate a mask, and after filtering
once more with a threshold value, this is applied to the original image to perform masking. iii) After self-supervised learning, the final speech emotion
recognition is performed through fine-tuning, which performs the downstream task with a single linear layer of the same structure as the classification
head.

techniques, our method encourages the model to rely less
on dominant cues and instead learn richer, more generalized
emotional representations.

III. METHOD
In this section, we describe in detail the converting to log-
Mel spectrogram, multi-head self-attention, the architecture
of the models and the proposed SAMSG method. Figure 1
represent the entire process of the SAMSG method proposed
in this paper.

A. CONVERT TO LOG-MEL SPECTROGRAM
In speech emotion recognition, MFCC are widely used
due to their effectiveness in capturing perceptually relevant
frequency features of speech signals. The MFCC extraction
process is grounded in the Mel scale, which reflects the
nonlinear characteristics of human auditory perception—
particularly, the tendency to perceive pitch logarithmically
rather than linearly.

Given an input time-domain speech signal x(t), the
Short-Time Fourier Transform (STFT) is first applied to
analyze the time–frequency characteristics and obtain a
complex spectrogram. Then, a Mel filter bank is used to
convert the frequency axis f of the power spectrum to theMel
scale m(f ), emphasizing perceptually meaningful frequency
bands.

Equations 1 and 2 represent the STFT and the Mel scale
transformation, respectively, which form the basis for MFCC
computation in our method.

X (n, ω) =

∞∑
m=−∞

x[m] · w[n− m] · e−jωm (1)

m(f ) = 2595 · log10

(
1 +

f
700

)
(2)

B. MULTI-HEAD SELF-ATTENTION
Self-attention is a mechanism that models pairwise depen-
dencies between positions in a sequence by computing their
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mutual relevance. Given a sequence represented by an input
matrix X ∈ RT×d , where T is the sequence length and
d is the feature dimension, self-attention projects X into three
matrices—queries Q, keys K , and values V—using learned
weight matrices:

Q = XWQ, K = XWK , V = XWV (3)

where WQ,WK ,WV
∈ Rd×dk are trainable parameters, and

Q,K ,V ∈ RT×dk . The attention output is computed as a
weighted sum of the value vectors, where the weights are
determined by the scaled dot-product of queries and keys:

Attention(Q,K ,V ) = softmax
(
QK⊤

√
dk

)
V (4)

This operation allows the model to attend to different
parts of the input sequence with varying importance,
capturing long-range dependencies across time and fre-
quency when applied to spectrogram representations of
speech.

To enhance expressiveness, multi-head self-attention com-
putes multiple sets of attention outputs in parallel, each with
its own parameterized projections:

MultiHead(X ) = Concat(head1, . . . , headh)WO

where headi = Attention(XWQ
i ,X WK

i ,X WV
i ) (5)

Here, h is the number of attention heads, and each
projection matrix WQ

i ,WK
i ,WV

i ∈ Rd×dk is learned
independently. The output dimension of each head is typically
set to dk =

d
h , so that the concatenated result maintains the

original dimensionality d .
In practical speech emotion recognition applications, the

input log-Mel spectrogram is first divided into overlapping
patches and linearly projected to form embeddings of shape
B × N × D, where B is the batch size, N is the number
of patches, and D is the embedding dimension. These
embeddings are then passed throughmultiplemulti-head self-
attention layers, followed by pooling and a classification head
to perform emotion recognition.

C. ARCHITECTURE OF MODELS
In this paper, we adopt the Data-efficient Image Transformer
(DeiT) model as the backbone of the SAMSG framework.
DeiT is based on the structure of ViT, but it is designed
to be trained effectively with a relatively small amount
of data. In particular, DeiT is one of the first models to
directly apply the knowledge distillation method to the
transformer structure, and is designed to insert distillation
tokens learned from the CNN-based teacher model into the
transformer so that the student model can effectively absorb
the teacher’s knowledge through attention. This plays a key
role in improving performance without the need for external
large-scale data.

In this study, we use the DeiT-base architecture, with
embedding token dimension=768, depth=12, and head=12.
The input is a log-Mel spectrogram image of size 128×1001,

which is divided into 16×16 patches by patch embedding,
and then converted into a 768-dimensional embedding vector
by linear projection overlapping by 6 pixels. During this
patch embedding, positional encoding is added to preserve
positional information. The DeiT structure is purely self-
attention based, which is effective in selectively capturing
important regions across an image (or spectrogram), and this
feature combines well with the important region masking
strategy proposed in this paper.

SAMSG works by using DeiT’s attention map to
identify the regions in the spectrogram that the model
is most focused on, then masking those regions, and
learning from the post-masking reconstruction task. DeiT’s
strong attention inference capabilities are a key foundation
for this self-supervised learning strategy. After learning
self-supervised learning with SAMSG, the downstream task
is to infer emotion from a classification head consisting of a
single linear layer.

D. SELF-ATTENTION-BASED MASKED SPECTROGRAM
GENERATION
In this paper, we propose SAMSG that utilizes DeiT to
analyze self-attention maps, which improves the general-
ization performance of the model by masking emotionally
salient regions. The entire process is organized as follows:
First, train the log-Mel spectrogram based on the DeiT-base
model to perform speech emotion recognition. Second, the
trained DeiT model is used to collect self-attention maps
generated by each transformer layer. Each attention map has
the form (h,T,T) for the number of heads h and the number of
tokens T, and represents the interaction relationship between
input tokens. Third, the collected attentionmaps are subjected
to an attention rollout process based on the methodology
of Abnar et al. [13]. Attention rollout accumulates attention
information per layer in a self-attention-based model such as
ViT, and ultimately estimates the overall attention distribution
for the input token. The attention matrix A(l)raw ∈ RN×N of
each layer is normalized through softmax, and the identity
matrix I is weighted and averaged to reflect the residual
connection, as in Equation 6.

A(l) = αA(l)raw + (1 − α)I (6)

where, α is a scaling parameter of the attention weight,
which usually has a value such as 1 or 0.9 (we use 0.9).
The final attention flow Â from the input token to the output
can be calculated by sequentially multiplying the attention
A(l) containing these residuals by the matrix, and the entire
attention rollout is defined as in Equation 7.

Â = A(1)A(2) · · ·A(L) (7)

where, L represents the total number of self-attention
layers. This method is particularly useful for visualizing or
interpreting the attention flow based on [CLS] tokens, and
provides an intuitive understanding of the overall attentional
focus area for the model’s input.
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FIGURE 2. Diagram of the attention map generation process in this paper.
The input spectrogram (128×1001) is split into patches of 16×16 size, and
a stride of 10 is applied to generate a total of 1188 patches. The attention
score is calculated as the softmax result based on the inner product
between the query and the key. The attention matrix obtained in this way
is accumulated through attention rollout, and the final attention map for
the time-frequency domain that the model paid attention to in the
spectrogram is generated.

Figure 2 is a diagram of the attention map generation
process in this paper.

Fourth, we apply a threshold of 0.5 (empirically chosen
based on rough visual assessment of the masked regions) to
the final rollout attention map to identify areas that the model
recognizes as important. We extract only tokens (patches)
with attention values above 0.5, and consider these regions
to be the parts of the input spectrogram that the model relies
on. Fifth, we perform masking on the extracted important
regions. This is a way to remove areas that the model focuses
too much on, encouraging it to learn useful emotional infor-
mation from a larger area. Masking is done by replacing the
important patches with black (0), which produces a partially
masked spectrogram. Sixth, the masked spectrogram is used
as input to perform self-supervised learning using SAMSG.
The output consists of two heads: a classification head for
emotion classification and a reconstruction head for restoring
masked regions. The classification head and reconstruction
head are composed of a single linear layer. This allows
the model to simultaneously learn emotion recognition and
the secondary task of spectrogram reconstruction. Finally,
in the downstream task, we freeze the weights of the
self-supervised learning model using SAMSG and train the
CLS token and single linear layer of the model to fine-tune it
for the speech emotion recognition task. Figure 3 shows the
masked spectrogram generation part of the proposed SAMSG
method.

FIGURE 3. The masked spectrogram generation part of the proposed
SAMSG method. The input spectrogram goes through the patch
segmentation and linear projection processes and is input to the
Transformer encoder. After passing through the encoder, an accumulated
attention map is generated for the region that the model focused on in
the time-frequency domain through attention rollout, and a mask is
generated by extracting token locations that are greater than a certain
threshold based on the attention value. After that, this mask is applied to
the original spectrogram to perform masking that selectively removes
only the regions that the model determines to be important.

IV. EXPERIMENTS
In this section, we describes the speech emotion recognition
datasets used in the experiments, the evaluation setup and the
ablation study.

A. DATASETS
The SAVEE [40] consists of 480 english spoken sentences
performed by four male actors and categorized into seven
emotion categories: anger, fear, disgust, happiness, neutral,
sadness, and surprise.

The EmoDB [41] contains a total of 535 speech data
recorded by 10 German voice actors (5 female and 5 male),
with seven emotion labels: anger, anxiety, boredom, disgust,
happiness, neutral, and sadness.

The CREMA-D [1] consists of 7,442 videos of 91 actors
(48 male and 43 female) of diverse ethnic backgrounds
expressing emotions through 12 specific sentences. The
dataset includes six emotion categories: anger, fear, disgust,
happiness, neutral, and sadness.

Each dataset consists of speech waveforms collected from
all participants, and the entire data was partitioned into train
set, validation set, and test set in the ratio of 70% : 15% : 15%
for the experiment.

B. EVALUATION SETUP
All speech data was normalized to a sampling frequency of
16 kHz, with a length limit of 4 seconds and zero-padding
applied to samples shorter than 4 seconds. Then, STFT
was applied to convert the speech data into log-Mel
spectrograms, with the following parameters: FFT size N =

1024, hop size H = 64, window size = 512, and hamming
window. In addition, various data augmentation techniques
were applied in this paper to improve the generalization
performance of the model. Specifically, we applied noise
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perturbation, time shifting, and speed perturbation. The final
size of the generated log-Mel spectrogram is 128×1001.
The models used in the proposed SAMSG use an Adam
optimizer [42] with a learning rate initialized to 1e-5 to
train. The learning rate was set to decrease by a factor
of 0.5 every 5 epochs to ensure stable convergence. The
model was trained for a total of 25 epochs with a batch size
of 4. We used cross-entropy loss as the objective function
to optimize classification performance across sentiment
categories. Following the Gong et al. [43], we used mean
squared error loss as the objective function for reconstructing
masked regions. All experiments were conducted using the
same training configuration to ensure a fair comparison
between different attentional mechanisms and architectural
variants. The gradual learning rate reduction helps to avoid
overfitting and stabilize learning over time, especially when
working with limited data samples.

C. ABLATION STUDY
In this subsection, we quantitatively analyze the impact of
the proposed SAMSGmethod on speech emotion recognition
performance. By comparing experiments with and without
SAMSG, we evaluate whether masking critical regions
using self-attention contributes to model generalization and
performance improvement. ViT trains the DeiT-base model
directly on log-Mel spectrogram input without any masking.
The proposed SAMSG method is to pretrain DeiT-base
first, then mask important regions through attention rollout,
perform masked spectrogram pretraining, and fine-tune the
speech emotion recognition task through downstream tasks.
We compare our proposed method with state-of-the-art
methods. Table 1 shows the accuracy comparison results
of the state-of-the-art methods on three datasets: SAVEE,
EmoDB and CREMA-D.

TABLE 1. Accuracy comparison results of the state-of-the-art methods on
three datasets.

In addition, we compute the macro-averaged F1-score to
evaluate the performance of our proposed SAMSG applied
model regardless of class imbalance. For each class i, the
precision and recall are computed as:

Precisioni =
TPi

TPi + FPi
, Recalli =

TPi
TPi + FNi

(8)

The F1-score for class i is then defined as:

F1i =
2 · Precisioni · Recalli
Precisioni + Recalli

(9)

Finally, the macro-averaged F1-score is calculated as the
arithmetic mean of the F1-scores across all C classes:

F1macro =
1
C

C∑
i=1

F1i (10)

Here, TPi, TNi, FPi, and FNi refer to the number of:
• True Positives (TP): instances correctly predicted as
class i

• False Positives (FP): instances incorrectly predicted as
class i but belonging to another class

• False Negatives (FN): instances belonging to class i but
incorrectly predicted as another class

• True Negatives (TN): instances that neither belong to
class i nor are predicted as class i

Macro-averaged F1-score ensures that the metric is not
biased toward majority classes and provides a balanced view
of the model’s performance across all emotion categories.

Table 2 shows the F1-score comparison results of the state-
of-the-art methods on three datasets: SAVEE, EmoDB and
CREMA-D.

TABLE 2. F1-score comparison results of the state-of-the-art methods on
three datasets.

While recent deep learning approaches have achieved
strong performance in speech emotion recognition, most of
them focus on maximizing classification accuracy through
feature engineering or network design, without directly
addressing overfitting and shortcut learning issues that
emerge in limited and repetitive datasets.

For example, Kakuba et al. [29] proposed a multi-branch
attention-based architecture that combines dilated CNN and
self-attention mechanisms to model long-range emotional
dependencies in speech. Their model utilizes handcrafted
acoustic features such as spectral and voice quality indicators
and is optimized for parallel processing and efficiency.
However, while effective at capturing temporal context,
it does not address potential biases arising from repetitive
sentence structures or dominant spectrotemporal patterns in
emotional corpora.

Similarly, Jothimani and Premalatha [33] introducedMFF-
SAug, a lightweight 1D CNN-based architecture that fuses
multiple engineered features (MFCC, ZCR, RMS) and
applies augmentation techniques including silence removal,
white-noise injection, and pitch tuning. Although this
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FIGURE 4. The training and testing loss curves of the DeiT model trained on (a) SAVEE, (b) EmoDB, and (c) CREMA-D, as well as the SAMSG applied DeiT
model trained on (d) SAVEE, (e) EmoDB, and (f) CREMA-D. In the baseline DeiT (a–c), the models converge gradually, with both training and test loss
steadily decreasing. SAVEE and EmoDB (a, b) show visible gaps between training and test loss, suggesting mild overfitting. CREMA-D (c) shows slightly
better alignment between the two curves, though fluctuations in the test loss around epoch 7–10 indicate instability due to the dataset’s higher
complexity. After applying SAMSG (d–f), the loss curves demonstrate consistently faster convergence across all datasets. On SAVEE (d) and EmoDB (e),
both training and test losses decrease rapidly and remain low, with minimal generalization gap—reflecting that these datasets are relatively easier for
emotion classification. On CREMA-D (f), SAMSG also improves convergence speed and lowers training loss, but the test loss plateaus at a higher value,
showing a moderate gap between training and test performance. This suggests that while SAMSG enhances generalization, challenges in CREMA-D—such
as greater inter-speaker variability and sentence diversity—still pose difficulties.

improves data diversity and model robustness, the archi-
tecture remains dependent on low-dimensional handcrafted
inputs and lacks mechanisms for analyzing or mitigating
attention bias during training.

On the multimodal side, Goncalves et al. [38] proposed
VAVL, a transformer-based framework that unifies audio-
only, visual-only, and audio–visual emotion recognition in a
single architecture. It integrates modality-specific conformer
encoders with shared transformer layers and leverages an
auxiliary reconstruction task to preserve unimodal char-
acteristics. Later, Goncalves et al. [39] extended this idea
with a two-stage training scheme, using pre-trained acoustic
and visual encoders followed by frozen fusion through
shared conformer layers trained only on multimodal labels.
These transformer-based approaches improve generalization
by leveraging multi-source supervision and cross-modal
representation learning, but they do not explicitly investigate
how internal attention distributions might guide or bias
emotional reasoning.

In contrast, our proposed SAMSG framework is built upon
a ViT backbone, and introduces a novel self-attention-guided
masking mechanism. During training, SAMSG analyzes
attention maps to identify spectrogram regions receiving high

attention—often dominated by sentence-specific acoustic
patterns—and masks them to encourage the model to
learn from less salient but potentially more generalizable
emotional cues. Unlike pretraining-based masking methods
that require large unlabeled corpora, SAMSG operates fully
in a supervised setting, using only labeled emotional data.
Moreover, this approach reframes attention not only as a
computational mechanism, but as a diagnostic and corrective
signal to mitigate overfitting and dataset-specific bias.

Therefore, while previous works utilize CNN, LSTM, and
Transformers primarily to improve representation capacity or
cross-modal fusion, SAMSG contributes a complementary
perspective by promoting representation accountability—
specifically, encouraging models to learn emotional patterns
that are robust across varying contexts, rather than overly
relying on dataset artifacts. This makes it particularly
suitable for real-world scenarios involving small, imbalanced,
or structurally biased emotional speech datasets.

Figure 4 presents the training and testing loss curves of
the DeiT model trained on (a) SAVEE, (b) EmoDB, and (c)
CREMA-D, as well as the SAMSG applied DeiT model
trained on (d) SAVEE, (e) EmoDB, and (f) CREMA-D. The
curves highlight that integrating SAMSG leads to more stable
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convergence and reduced overfitting, particularly in datasets
prone to shortcut learning due to repeated sentence structures.

While the proposed SAMSG framework has demonstrated
notable improvements in mitigating overfitting and enhanc-
ing generalization in speech emotion recognition tasks, it also
presents several limitations that should be considered.

First, the SAMSG method requires an initial supervised
training phase to obtain attention maps from a labeled
dataset before applying masking, which inevitably increases
the overall training time compared to standard models.
Additionally, the need for both attention-guided masking and
subsequent retraining can effectively double computational
and memory requirements, posing practical constraints for
deployment in resource-limited environments such as embed-
ded or mobile devices. Second, the effectiveness of SAMSG
is sensitive to the threshold used for generating masks from
attention rollout results. Determining an optimal threshold
often requires empirical tuning, which may not generalize
well across different datasets or tasks. Third, SAMSG’s
performance is fundamentally dependent on the quality of
the attention maps produced by the initial model. If the
base model fails to generate meaningful or reliable attention
distributions, the masking process may inadvertently remove
informative regions, negatively impacting the learning of
robust emotional features.

Figure 5 illustrates the confusion matrices of the proposed
model trained and evaluated on (a) SAVEE, (b) EmoDB,
and (c) CREMA-D, showing the effectiveness of SAMSG in
enhancing emotion classification performance even in dataset
challenging scenarios involving repeated sentence structures.

In Figure 5, the confusion matrix (a) of the model trained
with the SAVEE dataset shows that the prediction accuracy
is very high in most emotion classes, and in particular,
neutral and sadness recorded 18 and 9 correct predictions,
respectively. Overall, there is almost no confusion between
classes, and the prediction errors are very limited, showing
that the SAVEE dataset was able to distinguish emotions
well due to its clear emotional expression and balanced
distribution. The confusion matrix (b) of the model trained
based on the EmoDB dataset shows high accuracy in the
anger, boredom, happiness, and neutral classes, achieving 18,
12, 10, and 12 correct predictions, respectively. However,
some confusion occurs in the disgust and fear classes, and
in particular, the boundary between fear and happiness is
unclear. This suggests that EmoDB is based on German
speech, and the subtle differences between emotions are
more subtly reflected in pronunciation, which may have
made it somewhat difficult for the model to distinguish
them. The confusion matrix (c) of the model trained based
on CREMA-D shows the model’s prediction results for a
total of six emotion classes (anger, disgust, fear, happiness,
neutral, sadness). The model shows very high accuracy in
classes such as fear, happiness, and sadness, recording more
than 167 correct predictions each. On the other hand, the
anger class tends to be somewhat confused with disgust,

FIGURE 5. The confusion matrices of the proposed model trained and
evaluated on (a) SAVEE, (b) EmoDB, and (c) CREMA-D. The model trained
on SAVEE shows minimal confusion and high accuracy across all classes.
The EmoDB-based model performs well overall but shows confusion
between fear and happiness. The model trained on CREMA-D achieves
high accuracy for most emotions but exhibits greater confusion,
particularly in the anger and neutral classes, likely due to the dataset’s
larger size and the use of fixed sentences across emotions.
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fear, and happiness, and the neutral class shows a pattern
of being evenly confused with various emotions. These
results suggest that the CREMA-D dataset is larger than
the other two datasets and has high similarity because the
same sentences are uttered regardless of emotion, making
classification relatively more difficult.

V. CONCLUSION
In this paper, we proposed the SAMSG (Self-Attention-
based Masked Spectrogram Generation), a novel training
strategy designed to improve the generalization ability of
self-attention-based models for speech emotion recogni-
tion. SAMSG selectively masks highly attended regions
in spectrogram representations during training, encouraging
the model to explore alternative emotional cues that are
less dependent on repetitive or sentence-specific acoustic
patterns.

Extensive experiments conducted on three widely used
emotional speech datasets—SAVEE, EmoDB, and CREMA-
D—demonstrate that SAMSG consistently improves model
performance. Specifically, it achieves higher accuracy and
macro-averaged F1-scores than baseline DeiT models, espe-
cially on datasets where sentence repetition and limited
speaker diversity often lead to shortcut learning. Loss curve
analyses further confirm that SAMSG promotes more stable
and faster convergence, with smaller generalization gaps
between training and test loss.

While SAMSG is particularly effective on relatively sim-
pler datasets such as SAVEE and EmoDB, it also contributes
to performance improvement on more challenging datasets
like CREMA-D, indicating its robustness across varying
levels of dataset complexity.

Future work may explore extending SAMSG to other
modalities (e.g., multimodal emotion recognition) or inte-
grating it with adaptive masking strategies that dynamically
adjust to dataset characteristics.
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