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The study of intelligent computing and deep learning has become a prominent research topic among both
industrial and academic researchers in recent years. As a typical form of intelligent computing and deep
learning, with ongoing advancements in affective computing, the close connection between deep learning,
multi-modal information, and emotion has gradually garnered the attention of researchers. Existing methods
still exhibit many shortcomings in the perception, understanding, and expression of machine emotions. A
computational model of emotion that integrates emotion perception, information fusion, and deep learning is
proposed. The model is a deep learning-oriented network perception model that accepts visual, auditory, and
textual inputs to achieve an understanding of uncertain emotions. Experiments demonstrate that the model
performs well in various multi-modal emotion computations. The studies presented in this paper provide
important guidance for the application of both multi-modal intelligent computing and deep learning.
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1. Introduction

Due to the fast development of multimedia technologies,
music has become very accessible and a necessary element
of everyday life to relax and control the mood [1]. Music
is not only a reflection of the artistic expression, but it also
reflects a variety of human emotions, which can produce a
powerful emotional appeal. Emotion is thus an important
element of music that has great research and practical im-
portance [2]. Emotion analysis is an interdisciplinary study
that includes artificial intelligence, computer vision and
natural language processing. Ekman determined six fun-
damental emotions such as anger, disgust, fear, happiness,
sadness and surprise and subsequent research included
contempt [3, 4]. Multi-modal music is a medium of ex-
pression of emotions, and therefore sentiment analysis is
important and challenging [5, 6]. Music is a mirror of hu-
man emotions in real life and a good tool of expressing

psychological emotions of happiness, anger, and sorrow [7].
As the amount of music data grows exponentially, it has
become a significant research topic to organize and retrieve
music efficiently. The use of emotion-based classification
is important in enhancing the accuracy and efficiency of
music retrieval, but it has a number of challenges [8]. With
the growing significance of emotions in music, numerous
recommendation systems are trying to comprehend emo-
tional content since emotion-based recommendations can
be used to attract listeners and improve playlist generation.
Gudivaka introduced an AI-based model of music teaching
based on the analysis of big data and BiLSTM to process
musical characteristics and allow intelligent assessment.
In the proposed work, this method is modified by using
multimodal feature extraction and BiLSTM-based fusion,
which enhances accuracy and robustness in music senti-
ment classification [9]. The classification of emotions is
more related to human perception because melody is an
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expression of emotion and lyrics are a reflection of mood.
Music has low level and high-level features [10] and is ap-
plied in event monitoring and video analysis [11]. This
paper is concerned with the incorporation of melody and
lyrics to enhance the classification of sentiments. Despite
significant advancements, existing multi-modal sentiment
classification methods often struggle to effectively integrate
diverse inputs such as visual, auditory, and textual features,
resulting in suboptimal performance. Many models fail to
capture complex interactions between these modalities, lim-
iting accurate emotion detection in music. The proposed
model addresses this issue by integrating emotion percep-
tion, information fusion, and deep learning techniques. It
aims to improve emotion classification by combining au-
ditory, visual, and textual modalities and exploring their
synergy, thereby overcoming limitations in multi-modal
fusion and enhancing the accuracy of music emotion recog-
nition.

2. Theory and formula

2.1. Literature review

The most popular method of music emotion classification
is the audio-based method, which derives features of the
music and applies machine learning to detect emotions
[12]. Conventional approaches are based on audio features
that are engineered such as Melfrequency cepstrum and
time-domain features (e.g., short-time energy, mean ampli-
tude, and autocorrelation) [13]. Other researchers have also
demonstrated that lyrics have a great influence on emotion
classification [14]. Schuber E studied how musical emo-
tions and audio features interacted with time based on a
two-dimensional emotion model [15]. Li Tao and Ogihara
M used Euclidean distance to measure similarity and sen-
timent detection in music with smaller distance implying
a greater similarity between two songs. Sun proposed the
Information Cell Mixture Model (ICMM), a fuzzy-based
approach that is useful in highdimensional sentiment classi-
fication. Huq applied linear regression and support vector
machines in recognizing emotions. Chin Y suggested a
two-layered SVM model that categorized emotions as an-
gry, happy, sad, and calm [16, 17]. Grekow subsequently
investigated the best combinations of audio features to
use in music emotion recognition [18]. The melody is not
always sufficient to differentiate emotions, and lyrics are
important in the analysis of music sentiment [19]. Lyrics of-
fer abundant information of emotion and when combined
with tone, it forms a full expression of emotion. Lyric emo-
tion features can be obtained through text processing. In
2012, Jing Li and Hongfei Lin suggested that an emotion
vector space could be used by extracting emotional words

and classifying songs by similarity [20]. In 2013, Mahn
M proposed an approach based on the Plutchik model,
which concentrated on intro and chorus lyrics. The intro
establishes emotional tone, and the chorus focuses on the
repeated emotional content, enhancing the accuracy of emo-
tion classification [21–24]. Music analysis is adopting deep
learning models instead of feature engineering. Lidy sug-
gested a Music Information Retrieval Evaluation Exchange
of audio processing [25]. Jeon applied dual CNNs to senti-
ment classification, whereas Huang applied a Boltzmann
machine to connect audio and lyrics.

3. Experimental setup

3.1. Research Design

3.1.1. Music Sentiment Analysis

Music emotion involves visual, auditory and textual fea-
tures, making extraction complex. Figure 1 shows the
pipeline from input and feature extraction to fusion and
sentiment classification.

Fig. 1. Workflow of the proposed multi-modal music
sentiment analysis system

Therefore, it is necessary to slice and dice the process
of musicians playing music. The concept of minimal senti-
ment unit (MSU) was proposed. The MSU is the smallest
part of a music composition that is effective in discriminat-
ing emotional states, which allows proper classification of
sentiments. It is associated with a section that has a steady
emotional sound, like a verse or a chorus. The segmen-
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tation process determines emotional transitions based on
the analysis of audio and lyrics, boundaries based on spec-
tral flux peaks, pitch change, and boundaries based on the
sentences of the lyrics. These boundaries are synchronized
with milliseconds timestamps to provide uniform MSU seg-
ments. The dataset has 1,000 songs, divided into positive,
negative, and neutral emotions, 60 percent of which are
audio, 20 percent video, and 20 percent lyrics. It is labeled
by experts and automated sentiment tools. Normalization,
noise reduction, temporal alignment, and text tokenization
are used to preprocess the data. The Adam optimizer is
used to train the model with a learning rate of 0.001 and a
batch size of 32 to achieve stable performance.

3.1.2. Music Sentiment Analysis based on auditory features

Audio features are typically derived out of video clips, such
as spectral bandwidth, zerocrossing rate, MFCC, timbre
features (through constant Q transform), spectral roll-off,
and musical features such as beat, pitch, and spectral band-
width. MFCCs have been selected due to their ability to
capture the perceptual properties of sound, which is impor-
tant in the detection of emotions. There are also spectral
features and filter banks, which give finer frequency detail
to capture emotional detail in melody and rhythm. These
properties are effective in sentiment classification, which
is consistent with human hearing and enhances the accu-
racy of emotion recognition. The paper separates the vocal
melody to concentrate on the emotional type of the melody
and eliminate the effect of the difference in vocal range
to enable more analysis of the relationship between the
melody and the lyrics. The isolation of vocal melody is per-
formed with the help of such frameworks as Wave-U-Net
and Open-Unmix that isolate vocals and accompaniment
with the help of encoder-decoder structures and spectral
masking. This minimizes background interference and im-
proves feature extraction. It is difficult to concentrate on
one instrument and disregard the others in musical emo-
tion classification. To solve this, the audio input is treated
in two forms: trying to find the finer granularity and exam-
ining the relation between melody and lyrics to make them
more interpretable. It is based on a hierarchical structure
that is inspired by the main song and chorus theory. The
context is described in the main part of the song, whereas
the emotional focus is highlighted in the chorus, which is a
successful way of expressing emotion in a limited time. As
Shown in Figure 2.

A 16 kHz sampling rate and frequency are used to pro-
cess audio input. The feature vectors of 400 dimensions
are produced in 25 ms time frame, which is too dense.
Timefrequency analysis is instead performed by a spectro-
gram, which transforms the signal in the time domain into

Fig. 2. Music Sentiment Analysis Framework based on
auditory features, including MFCC, DSNN, and fusion

processing

a power spectrum through Fast Fourier Transform. This
narrows the feature vector down to 80 dimensions. The
next step is the Log operation and Discrete Cosine Trans-
formation which leads to a 39-dimensional Mel Frequency
Cepstrum Coefficient (MFCC) feature vector. The MFCC
39 dimensions are selected because of its efficiency and
strength, which represents the spectral envelope without
redundancy. Delta and delta-delta MFCCs are more di-
mensional and sensitive to noise, hence the base MFCC
setup guarantees consistent training and prevents overfit-
ting in the multi-modal fusion setup. Most methods use
MFCC and filter bank representations for audio features,
achieving good results.

3.1.3. Music Sentiment Analysis based on visual features

The paper identifies three visual features: (1) shot character-
istics, such as shot switching rate and average duration; (2)
color characteristics, such as luminance, color temperature,
hue, saturation and RGB color histogram; (3) inter-frame
motion intensity characteristics, which compute the mean
and variance of key frames between adjacent frames. Video
frames are extracted at 30 frames per second, resized to
224× 224 pixels. Facial region detection is done using a pre-
trained model to isolate the face for more accurate emotion
recognition. The model employs three CNN sub-networks
of 3 , 5 and 10 convolutional layers. These sub-networks
receive facial images in the initial stage. The second stage
involves combining the outputs to forecast expressions.
LBP features and CNN-extracted features are combined
with a better VGG-16 network, and the combined features
are inputted into a SoftMax classifier to classify the six basic
expressions. As Shown in Figure 3.

Fig. 3. Music Sentiment Analysis Framework based on
visual features, including CNN, feature fusion, and fusion

processing

Following the separation of the vocals, the paper dis-
cusses the problem of matching the lyrics and melodies,
which may differ in length. In order to attain proper align-
ment, the timestamps are used to synchronize the lyrics
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at the sentence level to enable the lyrics to be analyzed in
terms of emotion. This method guarantees that the lyrics
of the song are consistent so that the study of emotional
changes can be done without compromising the integrity
of the song as was done in the past where the whole song
or random parts were used.

3.1.4. Music Sentiment Analysis based on textual features

Textual features are extracted using Word2Vec for basic
word vectorization, while BERT is used for more advanced
feature extraction, providing context-aware representations
of the lyrics. The BERT model is trained on a learning rate
of 2e− 5, a batch size of 16, and a sequence length of 128 to-
kens. The BiGRU architecture is used with 256 hidden units,
which is optimal to the sentiment classification. These en-
vironments provide a stable training and are necessary to
reproducible experimental results. BERT is more effective
at sentence-level classification than traditional word vec-
tors such as word2vec, which use a weighted average of
word vectors, because it uses contextual information. BERT
introduces a CLS token at the start of the sentence and SEP
token at the end of the sentence. The last latent state of
CLS is the sentence vector, which is applied in classification
tasks. The approach has a more detailed semantic mean-
ing than the conventional word vectors. The BERT and
BiGRU are optimized end-to-end, with the BiGRU encoder
gradients backpropagated to optimize the BERT parame-
ters. This allows contextual embeddings to be dynamically
adapted to downstream sentiment classification tasks. This
type of joint optimization strategy increases semantic con-
sistency and the ability of textual features to be represented.
So, we encode to obtain the embedding vector and then
obtain the text memory bank, Mt, by BiGRU:

Mt = fBiGRU( Embedding (T)), Mt ∈ RLt × 2dt (1)

where T is a text sequence, Lt is the maximum length of
a padded text sequence, and dt is the dimension of hidden
units in the BiGRU.

3.1.5. Music Sentiment Analysis Based on Multi- modal Informa-
tion

Multi-modal sentiment analysis improves accuracy, but
performance depends on effective fusion. After extracting
features, proper fusion methods are needed. Audio fea-
tures (pitch, intensity), video (temporal frames), and text
(word2vec vectors) are processed and combined using deep
models to classify emotions (e.g., positive/negative).

After extracting visual, audio, and text features, a bidi-
rectional LSTM is used for multimodal fusion. Audio and

text features are combined to Multi-modal sentiment anal-
ysis enhances accuracy; however, performance is based
on successful fusion. Once features have been extracted,
they require appropriate fusion techniques. Deep mod-
els process and combine audio (pitch, intensity), video
(temporal frames), and text (word2vec vectors) to classify
emotions (e.g., positive/negative). Multi-modal fusion is
performed after the extraction of visual, audio, and text fea-
tures with the help of a bidirectional LSTM. Audio and text
characteristics are merged to enhance emotion recognition
(e.g., anger vs happiness). SVM and CNN are used to fuse
and analyze features, demonstrating that modalities are
more accurate when combined. The most important step
in multi-modal sentiment analysis is modal fusion. The
bidirectional LSTM hidden representations from auditory,
visual, and textual streams are temporally synchronized
using a shared time index t, corresponding to aligned MSU
segments across modalities. Let hA

t , hV
t , hT

t denote the syn-
chronized hidden states, the fused representation is com-
puted as hfusion

t = ϕ
(
hA

t
⊕

hV
t
⊕

hT
t
)
, where ⊕ denotes

concatenation and ϕ is a nonlinear mapping. This formula-
tion ensures coherent cross-modal sequence modeling by
preserving temporal consistency prior to integration.

Mathematically, feature-level fusion can be represented
as:

Ffused = concat (Faudio , Fvisual , Ftext ) (2)

where Faudio , Fvisual , and Ftext represent the feature vec-
tors extracted from the auditory, visual, and textual modal-
ities, respectively. For decision-level fusion, the individ-
ual decisions from each modality are combined using a
weighted sum:

Dfinal = w1 · Daudio + w2 · Dvisual + w3 · Dtext (3)

where Daudio , Dvisual , Dtext are the outputs from each
modality’s classifier, and w1, w2, w3 are the corresponding
weights. Multi-modal fusion improves decision accuracy
by combining more information. For each MSU, bidirec-
tional LSTM produces multiple outputs, including forward
and backward predictions and classifications, capturing
complete temporal information. Bidirectional LSTM is a
type of Recurrent Neural Network (RNN) that processes
data in both forward and backward directions to capture
temporal dependencies before and after a given point in
time. Assuming that the current slice is Xi , the forward
short-term memory classification Yi and the forward short-
term memory prediction Yi +1 are obtained from the for-
ward LSTM; the reverse short-term memory classification
Y′ and the re-verse short-term memory prediction Yi′ − 1
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are obtained from the reverse LSTM; and the difference
between the prediction and the true value is used to Y
classification output in Loss. The optimization problem is
formulated as a composite loss that combines classification
and prediction errors of both forward and reverse streams
with weighted terms that control their relative importance.
The gradient propagation is done in collaboration with the
bidirectional structure, where the parameters are updated
in both directions of the temporal dependencies. This de-
sign imposes predictive and classification consistency and
convergence stability in training. The formula is as follows:

Yi,dinalm = 1 −
(

Ŷ′ − 1 − Yi−1
Y′

i−1 − Yi−1 + (Yi+1 − Yi+1) , m′
i

)
+ (1 − Y′)

(
Y′

i−1 − Yi+1
i−1 − Y′

i+1

+ Yi+1 − Y′
i+1m′

i
) (4)

Where, Yi represents the forward short-term memory
classification, Yi+1 represents the forward short-term mem-
ory prediction, Y′ represents the reverse short-term mem-
ory classification, Yi′−1 represents the reverse short-term
memory prediction. From equation (4), we know that the
final output classification Ŷfinal

i is the confidence compo-
nent of the positive classification Ŷ′

i with its i+ 1 prediction,
plus the inverse Ŷ′

i categorization with its i − 1-predicted
confidence score. This is expressed as:

Ŷfinal
i = Ŷ′

i +

1 −
Yi+1 − Y′

i+1(
Y′

i−1 − Yi−1

)
+ (Yi+1 − Yi+1)

 (5)

This equation combines audio and text with time-
varying visual information in featurelevel fusion to analyze
sentiment. In particular, first, on each expression of multi-
modality, the LSTM is applied to encode each expression
with contextual features and encode the information in the
unimodality individually. The independent information
of these unimodalities is then fused and the interaction
information between the multi-modality is obtained using
the LSTM to create the multi-modal feature representation.
Lastly, the dimensionality of the multi-modal representa-
tion is reduced by applying the maximum pooling strategy
to build the sentiment classifier.

Bimodal and trimodal LSTM models are built for emo-
tion decision-making. In bimodal LSTM, two modalities
share their hidden states to form a combined state, then
return to their own networks for classification.

(
h0t1 = (ht−1 + hB−1) /2

it = tan h
(

Wxixt + Whiht−1t1 + bi
′

jt = sigm
(

Wzjxt + Whjht0t1 + b′j

Bi − ISTMA
ft = sigm

(
Wkjxt + Wh f h0 ·t1 +b′f

ot = tan h
(

Wojxt + Whoht0tt + b′o
ct = ct−1Θ ft + itΘjt

(6)

(′hA = tan h(ct)Θjt

Where, hA and hB are the hidden states of two modal-
ities. htot is the shared hidden state representation after
fusion. it, jt, ft, ot are the different gates in the LSTM unit.
W and b are the learned weight matrices and biases for each
gate. Hidden states are shared once before updating, then
each modality returns to its own bidirectional LSTM. The
same process is used in the trimodal LSTM. The common
hidden-state exchange is achieved by partially sharing the
parameters, where the modality-specific gate parameters
are independent and the hidden projection layers are col-
lectively trained to build a common latent representation.
In order to overcome gradient interference in multi-modal
training, a stabilization constraint of gradient normaliza-
tion and orthogonality regularization is used on the shared
states. This process guarantees equal modality contribu-
tion and convergence stabilization in both bimodal and
trimodal LSTM structures. GRU and attention enhance
sentiment analysis by paying attention to significant words
and time intervals. Noise in various modalities is mini-
mized with an attention layer and a reinforcement learning-
based gate. The reinforcement learning-based input gate
controller is formulated with the multi-modal feature vec-
tor at time t as the state, while the action corresponds to
adaptive gating weights assigned to each modality. The
reward function is defined based on the improvement in
sentiment classification accuracy and noise suppression
effectiveness across modalities. This design enables dy-
namic modulation of modality contributions, effectively
reducing noise interference during multi-modal training.
Sentiment analysis is performed with an end-to-end RNN
model, which takes into account context, speaker-Listener
emotion, and modality relationships. It models emotional
states and sentiments using sGRU and cGRU units. As
Shown in Figure 4.

The bidirectional LSTM updates forward and backward
states in the same way. A multimodal system with 7
classifiers is used for integrated emotion decision-making.
Fuzzy logic is added to handle uncertainty, and the emo-
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Fig. 4. Music Sentiment Analysis Framework based on multi-modal information, utilizing bidirectional LSTM for feature
extraction and fusion.

tion pipeline (based on confidence) converts fixed inputs
into uncertain, more realistic emotional outputs. The 7
classifiers give 7 outputs, which are denoted as βi =

[A, L, V, VL, AL, AV, AV L ]. They represent the Audiovi-
sual Semantic Integrated Classifier, the Audio- visual Inte-
grated Classifier, the Auditory Semantic Inte- grated Clas-
sifier, the Visual Semantic Integrated Classifier, the Visual
Single Classifier, the Auditory

Semantic Single Classifier, and the Auditory Semantic
Single Classifier, respectively. Multiple classifiers define
positive, negative, and neutral regions, while their overlaps
form fuzzy regions. This helps model real and uncertain
emotions, and a final multi-modal fuzzy decision is made
using all seven outputs. The fuzzy membership for each
affective region is defined as µk =

exp(βk)

∑j exp(β j)
, where k ∈ {

positive, neutral, negative } and βk denotes the classifier
output score. The membership values are further refined
using triangular membership functions to model overlap-
ping regions between neutralpositive and neutral-negative
emotions. This quantitative scheme enables soft decision
boundaries and accurately represents uncertainty in multi-
modal sentiment integration.

The uncertainty of the input data is measured and ana-
lyzed using the fuzzy sentiment integration decision. On
this uncertainty, a sentiment pipeline is developed, with
the channel size reflecting the degree of uncertainty in an
intuitive manner. As Shown in Figure 5.

The overlapping positive-neutral and negative-neutral
emotions create fuzzy emotion areas, which are useful in
modeling the real and uncertain human emotions. The
model simplifies the model by a three-channel linear fusion
LSTM to balance the uncertainty of personalization and
accuracy of classification. This model is highly accurate
(up to 100 percent in the testing, under specific conditions)
and has a good balance between accuracy and dealing
with uncertainty, which is why it can be used in further
experiments.

3.2. Model Regression Results and Analysis

The proposed algorithm is compared to the standard LSTM
model to validate it. Decision-level (post) fusion is a fusion

Fig. 5. Complete system framework for multi-modal
music sentiment analysis, integrating auditory, visual, and
textual features through neural networks for classification

Table 1. Bidirectional trimodal LSTM

mood Precision Recall F1
positive 0.899 0.912 0.900
negative 0.966 0.873 0.915
neutral 0.861 0.930 0.900

of the results of each modality, which occurs after indi-
vidual analysis and enables decisions to be made even in
the absence of one modality, but is complicated and time-
consuming because of multiple classifiers. As can be seen
in experimental results (Tables 1 and 2), the visual modality
addition enhances performance, whereas the bidirectional
trimodal LSTM is more effective but can cause overfitting
because of the increased complexity.

Table 2. Linear fusion of three single channels LSTM

mood Accuracy Precision Recall F1
positive 0.869 0.733 0.924 0.893
negative 0.867 0.833 0.912 0.897
neutral 0.860 0.669 0.665 0.757
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Table 3. Performance comparison of proposed method with CNN-LSTM and transformer-based models

Model Accuracy Precision Recall F1-score
LSTM (baseline) 0.842 0.801 0.856 0.828

CNN-LSTM Hybrid 0.873 0.845 0.889 0.866
Transformer (multi-modal) 0.905 0.882 0.918 0.900
Proposed Trimodal BiLSTM 0.918 0.899 0.930 0.910

Table 4. Combined ablation study on modality contributions and architectural components

Configuration Accuracy F1-score
Audio only 0.871 0.865
Visual only 0.842 0.836
Text only 0.883 0.878
All modalities (no attention) 0.901 0.895
All modalities + attention (no gating) 0.907 0.900
All modalities + attention + sGRU/cGRU (no fusion) 0.912 0.905
Full model (with shared-state fusion) 0.918 0.910

The proposed model is the most effective in music senti-
ment analysis in all measures in this seven-class classifica-
tion task. It is clear that the bidirectional trimodal LSTM is
better than the linear fusion LSTM. Both audio and lyrics
can be used to identify emotions, but audio is more accurate
at predicting intensity (arousal) since it includes rhythm
and energy whereas lyrics are more effective at identifying
emotions such as happiness and calmness.

Fig. 6. Accuracy with the number of iterations

Figure 6 indicates that bidirectional trimodal LSTM is
highly effective. It simulates the continuous emotional
change (emotional coherence) and models the response of
various personalities to various stimuli, which assists in
modeling human-like emotions in machines.

4. Results and discussion

This paper proposes a multi-modal emotion model with
experiments showing improved personalized emotion clas-

sification using LSTM, integrated confidence decision, and
emotion transfer modeling. Benchmark models (CNN-
LSTM and transformer-based) are compared in Table 3,
where the trimodal BiLSTM achieves superior accuracy
and F1-score, proving effective multi-modal fusion and
temporal modeling.

However, due to various objective conditions includ-
ing hardware, the sentiment classification model and the
sentiment state expression model in this paper only utilize
the loworder features of the dataset and have not been ex-
perimented on some large-scale video sentiment analysis
datasets. Table 4 shows that modalities and key compo-
nents improve performance, with the full model achieving
the highest accuracy and F1-score.

5. Conclusion

The construction of artificial sentiment simulation in this
paper is only a constructive exploration, and there is still
much work to be done to further improve it. Its generaliza-
tion ability needs to be verified with a large amount of data
or more new problems for sentiment integration decision
making. In addition, the relationship and significance of re-
inforcement learning for emotion generation is significant,
but the reinforcement learning used in this paper is rela-
tively simple, and subsequent research on reinforcement
learning is needed.
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