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Abstract

Speech Emotion Recognition (SER) is crucial for enhancing human-computer
interactions by enabling machines to understand and respond appropriately
to human emotions. However, accurately recognizing emotions from speech
is challenging due to variations across speakers, languages, and environmental
contexts. This study introduces a novel SER framework that integrates Con-
volutional Neural Networks (CNNs) for effective local feature extraction from
Mel-Spectrograms, and transformer networks employing multi-head self-at-
tention mechanisms to capture long-range temporal dependencies in speech
signals. Additionally, the paper investigates the impact of various loss func-
tions—L1 Loss, Smooth L1 Loss, Binary Cross-Entropy Loss, and Cross-En-
tropy Loss—on the accuracy and generalization performance of the model.
Experiments conducted on a combined dataset formed from RAVDESS,
SAVEE, and TESS demonstrate that the CNN-Transformer model with Cross-
Entropy Loss achieves superior accuracy, outperforming other configurations.
These findings highlight the importance of appropriately selecting loss func-
tions to enhance robustness and effectiveness in speech emotion recognition

systems.
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1. Introduction

Speech Emotion Recognition (SER) [1] [2] is a critical area in human-computer
interaction, aiming to identify and classify human emotions from speech signals.
Emotions play a vital role in communication, influencing how messages are per-

ceived and understood. With the increasing integration of artificial intelligence in
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daily life, from virtual assistants to customer service bots, the ability to accurately
recognize emotions from speech has become essential for creating more natural
and empathetic interactions. Traditional SER systems have relied on handcrafted
features such as the MFCC [3] [4], harmonic to noise ratio (HNR) [5], spectro-
gram [6], mel-spectrogram [7], etc., to find SER. However, these methods often
struggle with the variability and complexity of emotional expressions across dif-
ferent speakers, languages, and contexts. Recent advancements in deep learning
have revolutionized SER by enabling the automatic extraction of relevant features
from raw audio data. Among these, Convolutional Neural Networks (CNNs) [8]-
[10] and Transformers [11] [12] have emerged as powerful tools for capturing
both local and global patterns in speech signals.

CNNs are particularly effective at extracting hierarchical features from spectro-
grams or other time-frequency representations of speech. They excel at capturing
local patterns, such as short-term variations in pitch and intensity, which are cru-
cial for emotion recognition. On the other hand, Transformers, originally devel-
oped for natural language processing, have shown remarkable success in modeling
long-range dependencies in sequential data [13]. By leveraging self-attention
mechanisms [14], Transformers can capture the global context of speech signals,
which is essential for understanding the overall emotional tone.

Despite the strengths of CNNs and Transformers, the choice of loss function
[15] plays a pivotal role in the performance of SER systems. Loss functions guide
the learning process by quantifying the difference between predicted and actual
emotions [16]. Commonly used loss functions, such as Cross-Entropy Loss [17],
focus on minimizing classification errors. However, emotions in speech are often
subtle and can overlap, making it challenging to achieve high accuracy with stand-
ard loss functions. Recent studies have explored alternative loss functions, such as
Contrastive Loss [18] and Focal Loss, to address these challenges. Contrastive Loss
aims to enhance the discriminative power of the model by increasing the distance
between different emotion classes in the feature space. Focal Loss, on the other
hand, addresses class imbalance by focusing more on hard-to-classify examples.

This paper proposes a novel SER framework that combines the strengths of
CNN s and Transformers while exploring the impact of different loss functions on
recognition performance. By integrating CNNs for local feature extraction and
Transformers for global context modeling, our approach aims to capture the in-
tricate dynamics of emotional speech more effectively. Furthermore, we investi-
gate the effectiveness of various loss functions, including Cross-Entropy Loss,
Contrastive Loss, and Focal Loss, in improving the robustness and accuracy of
emotion recognition.

The remainder of this paper is organized as follows: Section 2 reviews related
work in SER, focusing on deep learning approaches and loss functions. Section 3
details the proposed CNN-Transformer architecture and the different loss func-
tions explored. Section 4 discusses the results and compares the performance of
different loss functions. Finally, Section 5 concludes the paper and outlines future

research directions.

DOI: 10.4236/jcc.2025.133008

104 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2025.133008

B. Li

2. Related Work

The primary goal of SER is to extract emotion-related features from speech signals
and classify them into predefined categories such as happiness, sadness, anger,
fear, and neutrality. Due to the complexity and variability of speech signals, SER
faces challenges like speaker variability, language differences, and environmental
noise. The typical SER pipeline consists of the following steps:

Speech Signal Preprocessing: This includes noise reduction, framing, and win-
dowing of the raw speech signal.

Feature Extraction: Extracting emotion-related features from the preprocessed
speech signal. Traditional methods use handcrafted features, while deep learning
methods automatically learn features from raw data.

Emotion Classification: Using machine learning or deep learning models to
classify the extracted features into emotion categories.

Deep learning has revolutionized SER by enabling automatic feature extraction
and improving classification accuracy. Two prominent deep learning architec-
tures used in SER are Convolutional Neural Networks (CNNs) and Transformers.

The Transformer is an advanced deep learning architecture, first proposed for
natural language processing (NLP). It relies entirely on attention mechanisms,
specifically self-attention, eliminating the need for recurrent or convolutional
structures. This design enables it to effectively model long-term dependencies and
capture global context within sequential data. Transformers efficiently model
long-range relationships in sequences through their multi-head self-attention
mechanism. Unlike recurrent neural networks (e.g., RNN, LSTM), Transformers
can directly and simultaneously consider interactions across all parts of the se-
quence.

The formula for Scaled Dot-Product Attention:

;
Attention (Q,K,V ) = softmax[QK JV

Ja

where, Q,K,V are Query, Key, and Value matrices, respectively.

3. Proposed Approach

Before giving the details of architecture, we illustrated our motivations.

3.1. Motivation

CNN s have characteristics that make them ideally suited for handling Mel-spec-
trograms in speech emotion recognition tasks: CNNs excel at extracting local fea-
tures from two-dimensional inputs (such as images and spectrograms). Mel-spec-
trograms naturally resemble 2D images (time vs. frequency), allowing CNNs to
leverage their strengths in spatial feature extraction. Local variations in pitch,
tone, and intensity—critical indicators of emotion—are effectively captured by

the convolutional filters of CNNs.
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After CNNs extract essential local patterns, the Transformer module further
enhances emotional representation by modeling long-range dependencies. Trans-
formers use a mechanism called multi-head self-attention, originally popularized
in natural language processing, to identify critical global relationships within the
audio sequences.

Uses multiple self-attention layers simultaneously, each capturing different as-
pects of the emotional speech characteristics. Each head independently focuses on
different subsets of the audio representation, allowing parallel extraction of diver-
sified emotional information.

Integrating CNN and Transformer architectures creates a powerful hybrid sys-
tem that leverages complementary strengths:

e CNN captures detailed local acoustic patterns essential for recognizing subtle
emotional cues.

e Transformer effectively captures long-term dependencies and contextual in-
teractions across the entire audio clip.

This integration significantly enhances the model’s capability to understand
both subtle short-term features (such as momentary pitch changes) and broader,

long-term context, such as emotional tone evolution over speech duration.

3.2. Architecture

In this section, we illustrate the detailed pipeline for Speech Emotion Recognition
using CNN-Transformer architecture, as shown in Figure 1. The process includes
feature extraction, CNN processing, Transformer-based attention mechanisms,
and ultimately the classification of emotions. Below is a detailed step-by-step ex-

planation of the diagram.
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Figure 1. Pipeline of the proposed SER model.
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First, the signal is input and extracted feature. The initial input is raw audio
data (speech signal). The pre-emphasized signal is segmented into short frames
using window functions (e.g., Hamming or Hanning window). Windowing facil-
itates the subsequent frequency analysis by reducing signal discontinuities. Each
frame undergoes a Fourier Transform, converting the signal from the time do-
main to the frequency domain. Mel filters are applied to the frequency domain
data, capturing perceptually relevant frequency bands, aligning with human audi-
tory perception. The output of the Mel filtering process produces Mel-Spectro-
grams. These are visual representations capturing time-frequency information,
crucial for detecting emotional nuances in speech signals.

Secondly, the Convolutional Neural Network (CNN) is used for further feature
extraction. Especially, the Mel-spectrograms are input into a convolutional neural
network, which applies convolutional filters to extract spatial features and im-
portant patterns. The CNN is employed multiple times (x4 layers or blocks) to
progressively learn and refine discriminative emotional features from the Mel-
Spectrogram. Specifically, as shown in Figure 1, each CNN block contains convo-
lutional layers with kernel size 3, stride 1, and padding 1, followed by batch nor-
malization and activation functions (ReLU). Max pooling layers progressively re-
duce spatial dimensions (kernel sizes of 2, 2, 2, and 4, respectively). The number
of channels increases progressively from 16 to 64, capturing hierarchical features,
while pooling layers progressively down sample the spatial dimensions, extracting
high-level, compact representations from input data.

Thirdly, after CNN feature extraction, the data passes to a Transformer module,
which leverages a multi-head self-attention mechanism (also repeated 4 times).
The self-attention mechanism calculates attention scores based on query (Q), key
(K), and value ( V) matrices derived from the CNN outputs. Scaled dot-product
attention is computed to weight the importance of different time-frequency re-
gions effectively. Multiple attention heads (denoted as “multi-head”) operate sim-
ultaneously to capture various aspects of the data from multiple representation
subspaces. Outputs of different attention heads are concatenated and passed
through a linear layer for dimensionality reduction and information fusion. In
details, our Transformer includes an initial Max Pooling operation with kernel
size [2, 4] and stride [2, 4] for dimensionality reduction before processing. The
Transformer itself employs a model dimension typically consistent with the CNN’s
output channel size (64), includes 4 attention heads, and features internal feed-
forward layers regulated by GELU activation. This design incorporates a low-di-
mensional, efficient representation, aided by the hyper parameters such as the in-
termediate feed-forward layer size (512) and multi-head self-attention structure,
enabling the model to capture rich contextual information and effectively encode
spatial-temporal patterns within the compressed input features.

The final Transformer output is fed into a classification layer that predicts the
emotion category from the following classes: neutral, happy, sad, angry, fear, dis-

gust, surprise, and calm.
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This entire pipeline leverages both CNN’s powerful feature extraction and
Transformer’s robust modeling of temporal dependencies, significantly enhanc-

ing the accuracy and reliability of emotion recognition from speech.

4. Experiments

4.1. Data and Setting

To strengthen the generalization performance of our method across varied da-
tasets, we constructed a combined speech-emotion dataset using three prominent
benchmarks: RAVDESS [19], SAVEE [20], and TESS [21]. Notably, these datasets
differ in audio length and initial frames. Specifically, the RAVDESS dataset in-
cludes 1440 audio samples from 24 participants (equally distributed among fe-
males and males). SAVEE consists of 480 audio clips recorded by 4 male speakers,
whereas TESS provides 2800 audio clips from 2 female speakers. Collectively, our
unified dataset contains 4720 audio clips representing eight emotional states:
calmness, happiness, sadness, anger, fear, surprise, disgust, and neutrality. While
combining datasets with different distributions could potentially introduce biases
or harmonization challenges, it also significantly enhances the diversity and rep-
resentativeness of the resulting dataset.

Note that while combining datasets with different distributions could poten-
tially introduce biases or harmonization challenges, it also significantly enhances
the diversity and representativeness of the training samples. By integrating da-
tasets collected under varying conditions (e.g., speaker identities, recording envi-
ronments, and expressive styles), the unified dataset becomes more reflective of
real-world variability. Furthermore, consistent preprocessing methods (such as
silence removal using the librosa library and standardized audio segmentation)
effectively mitigate harmonization challenges. Additionally, employing data aug-
mentation techniques, like tripling each audio sample, further reduces any resid-
ual biases, strengthening the model’s generalization capability. Overall, the merits
of increased diversity and improved generalization through dataset combination
substantially outweigh potential distributional biases.

For preprocessing, we utilized the “librosa” library to remove silence from each
audio sample. A standardized 3.5-second segment was then extracted from the
newly determined starting frame to ensure consistent duration across samples.
We split the composite dataset into training, validation, and test subsets following
an 80:10:10 distribution. To counteract potential overfitting, we augmented the
training data by adding Gaussian noise to the original samples, thus tripling each
clip.

When training the model, 4 different loss functions are employed, which are L1
loss, Smooth L1 loss, Binary Cross-Entropy loss, and Cross-Entropy loss. The L1
Loss measures the absolute difference between each predicted value and the actual
target value. Essentially, it reflects the total magnitude of errors without consider-
ing direction. Due to its linear characteristic, L1 Loss tends to be robust against

outliers—large errors do not disproportionately influence the outcome. It’s fre-
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quently used in regression tasks, particularly when robustness to outliers is desir-
able. Smooth L1 Loss combines advantages of L1 and L2 losses by behaving like
L2 (mean squared error) when errors are small and behaving like L1 (mean abso-
lute error) when errors are large. This adaptive behavior reduces sensitivity to
outliers compared to the pure L2 loss, while still being differentiable everywhere,
making optimization more stable.

Binary Cross-Entropy Loss measures the performance of a classification model
whose output is a probability value between 0 and 1. It evaluates how well the
predicted probability aligns with the true binary labels (0 or 1). If the predicted
probability diverges significantly from the actual class, the penalty (loss) increases
dramatically, incentivizing accurate predictions. Cross-Entropy Loss generalizes
Binary Cross-Entropy Loss for multiple-class classification scenarios. It evaluates
how effectively predicted class probabilities match the true class labels, which are
typically represented as one-hot vectors (only one correct class per input). A good
prediction (probability close to 1 for the correct class and close to 0 for incorrect
ones) yields a low loss; a poor prediction yields a high loss.

Our choice of these losses was motivated by their suitability for different tasks:
L1 and Smooth L1 losses were selected for regression-like tasks requiring robust-
ness to outliers, while Binary Cross-Entropy Loss naturally fits binary classifica-

tion scenarios involving probability predictions.

4.2. Results and Analysis

The comparison of the confusion matrices is shown in Figure 2. The confusion
matrices clearly show the impact of different loss functions on the performance of
the speech emotion recognition model.

The L1 Loss yields the poorest results, exhibiting significant confusion among

]

classes, particularly misclassifying many emotions as “happy” or “disgust.”
Smooth L1 Loss provides improved accuracy compared to L1 Loss, significantly
reducing misclassifications, though some confusion remains among closely re-
lated emotional states. Binary Cross-Entropy Loss further enhances classification
accuracy, clearly distinguishing most emotions but still showing minor confusion
between similar classes. Cross-Entropy Loss demonstrates the best overall perfor-
mance, achieving the highest accuracy with minimal misclassifications, effectively
distinguishing between emotional categories with minimal overlap. Overall, the
Cross-Entropy Loss offers superior performance in accurately classifying speech
emotions, indicating its suitability for multiclass emotion recognition tasks.

Figure 3 shows the loss comparison of the model in different loss functions.
Opverall, Cross-Entropy Loss provides the most stable, fastest convergence, and
best generalization performance, while L1 Loss performs poorly. Smooth L1 and
Binary Cross-Entropy show intermediate performance with some instability or
mild over-fitting compared to Cross-Entropy Loss.

Smooth L1 Loss demonstrates stable and gradual convergence, with both train-

ing and validation losses decreasing steadily over epochs. The validation loss sta-
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bilizes over time, indicating consistent and reliable learning. Binary Cross-En-
tropy Loss presents rapid initial convergence in training loss but reveals a notice-
able gap between training and validation losses. Although generally stable, some
minor oscillations in validation loss indicate potential slight over fitting. Cross-
Entropy Loss exhibits fast convergence with highly stable and low final values for
both training and validation losses. The minimal gap between the two suggests the

best generalization and most effective learning among all methods.
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Figure 2. Confusion matrices of the model in different loss functions.

Figure 4 shows that the recognition accuracy compares of the model in differ-
ent loss functions. Among the four loss functions, the Cross-Entropy Loss clearly
delivers the best balance between model performance, convergence speed, and
generalization capability. Binary Cross-Entropy Loss performs relatively well but
shows slight over fitting. Smooth L1 Loss is better than L1 but still lags behind

Cross-Entropy Loss. L1 Loss performs poorly in terms of stability and overall ac-
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Figure 4. Recognition accuracy compares of the model in different loss functions.

Table 1 presents the overall performance of the model trained with different
loss functions. L1 Loss demonstrates poor convergence and accuracy, making it
the least suitable option for speech emotion recognition. Smooth L1 Loss signifi-
cantly improves accuracy but shows mild signs of over fitting. Binary Cross-En-
tropy Loss exhibits good generalization; however, the validation loss still suggests
potential over fitting. In contrast, Cross-Entropy Loss stands out as the most ef-
fective, achieving the highest validation and test accuracy. Therefore, it is recom-

mended for robust and reliable speech emotion recognition tasks.

Table 1. The overall performance of the model in different loss functions.

Loss Values Recognition Accuracy (%)

Loss function
Train  Validate Test Train Validate Test

L1 0.120 0.142 0.124  28.12 43.31 44.14

Smooth L1 0.003 0.023 0.021 100 72.61 73.85
Binary Cross-Entropy  0.002 0.215 0.198 100 76.01 77.62
Cross-Entropy 0.003 1.283 1.153 100 73.46 74.90

Table 2 summarizes the Precision, Recall, and F1-score performance on the test
set. While L1 Loss yields relatively high precision (0.6357), it suffers from notably
low recall (0.3954) and F1-score (0.4233). The other three loss functions—Smooth
L1, Binary Cross-Entropy, and Cross-Entropy—deliver more balanced results.
Among them, Binary Cross-Entropy achieves the best overall performance (Pre-
cision: 0.6275, Recall: 0.6255, Fl-score: 0.6238). Cross-Entropy Loss follows
closely, demonstrating consistent and stable behavior across all metrics, reinforc-
ing its effectiveness in multiclass classification scenarios. Overall, Binary Cross-
Entropy offers the best combination of precision, recall, and F1-score among the

evaluated loss functions.
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Table 2. Comparison of Precision, Recall, and F1-score across different loss functions.

Loss function Precision Recall F1-score
L1 0.6357 0.3954 0.4233
Smooth L1 0.6102 0.6109 0.6069
Binary Cross-Entropy 0.6275 0.6255 0.6238
Cross-Entropy 0.6198 0.6130 0.6077

5. Conclusion

This paper proposed a CNN-Transformer hybrid architecture for speech emotion
recognition (SER), effectively integrating CNN’s capability in extracting local fea-
tures and Transformer’s strength in modeling global contextual dependencies. Ex-
tensive comparative experiments on various loss functions demonstrated that
Cross-Entropy Loss significantly outperformed other alternatives, achieving su-
perior convergence, higher accuracy, and enhanced generalization across valida-
tion and test scenarios. The superior performance of Cross-Entropy Loss under-
scores its suitability for robust multiclass SER tasks. From a practical viewpoint,
the demonstrated effectiveness of this hybrid approach facilitates deployment in
real-world scenarios requiring reliable emotional understanding, such as virtual
assistants, human-computer interaction, healthcare monitoring systems, and
emotional state tracking in automated services. Future work should further ex-
plore lightweight variants of the architecture and investigate adaptability across
diverse datasets and realistic deployment conditions, ensuring broader applicabil-

ity and scalability in technology applications.
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