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ABSTRACT: Multimodal sentiment analysis aims to understand emotions from text, speech, and video data. However,
current methods often overlook the dominant role of text and suffer from feature loss during integration. Given the
varying importance of each modality across different contexts, a central and pressing challenge in multimodal sentiment
analysis lies in maximizing the use of rich intra-modal features while minimizing information loss during the fusion
process. In response to these critical limitations, we propose a novel framework that integrates spatial position encoding
and fusion embedding modules to address these issues. In our model, text is treated as the core modality, while
speech and video features are selectively incorporated through a unique position-aware fusion process. The spatial
position encoding strategy preserves the internal structural information of speech and visual modalities, enabling the
model to capture localized intra-modal dependencies that are often overlooked. This design enhances the richness
and discriminative power of the fused representation, enabling more accurate and context-aware sentiment prediction.
Finally, we conduct comprehensive evaluations on two widely recognized standard datasets in the field —CMU-MOSI
and CMU-MOSEI to validate the performance of the proposed model. The experimental results demonstrate that our
model exhibits good performance and effectiveness for sentiment analysis tasks.
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1 Introduction

With the increasing prevalence of social media, individuals are progressively inclined to utilize diverse
forms of data to articulate their ideological perspectives and emotional sentiments on these platforms. Early
sentiment analysis was limited to mining and analyzing emotional tendencies and stances related to specific
subjects using single-modal data, such as text [1]. This approach overlooks the rich emotional information
contained in various modalities, such as voice and video, complicating the accurate analysis of emotional
tendencies in many contexts. Consequently, the scope of multimodal sentiment analysis encompasses a wide
range of information domains, including text, audio, and video [2]. The field has gained attention due to
its capacity to process complex data [3]. Moreover, its ability to extract authentic emotions and opinions
from multimodal data facilitates applications in practical areas, such as social recommendation [4], trust
management [5], and mental health [6].
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Multimodal data encompasses an extensive and complex range of information dimensions. Taking text
as an example, simple phrases such as “T didn’t expect you at this time” may imply anger in an isolated
text, while “You're a genius” directly conveys surprise, and “Why did you come to me again?” may imply
dissatisfaction or disgust. However, when we introduce non-textual cues such as speech and video as auxiliary
analysis tools, the boundaries of these emotional interpretations become blurred and enriched. For example,
the first phrase, with a cheerful tone and a video background of hugs, may transform into joy at the visit of an
intimate friend. If a self-deprecating or regretful expression accompanies the second phrase, it may express
self-blame for the wrong behavior rather than pure praise. In the scene where the other person appears with a
smiling face, the third phrase is likely to be transformed into an unexpected joy at the visit of the person you
admire. As shown in Fig. 1, this example of multimodal sentiment analysis vividly demonstrates the power
of the comprehensive study. In [7], the combination of the three modal data achieves 80.58% and 79.63%
accuracy, respectively, which far exceeds the accuracy of unimodal. As a result, integrating textual, speech,
and video modal information can enhance the performance of sentiment analysis tasks.

il o O R
I didn't think I didn't think .
you'd come at you'd come at =
.. S
this time ! Anger this time ! Hc;j;py
unimodal |

multimodal
Figure 1: An example of unimodal and multimodal results

The multimodal fusion strategy can be refined into two mainstream branches: model-independent [8]
and model-based [9]. Under the model-independent fusion framework, the strategy is further divided into
early fusion and late fusion. Early fusion focuses on the feature level, capturing the interaction information in
the initial stage by integrating the vectors of various modalities. And late-stage fusion focuses on the decision-
making level, comprehensively considering the preliminary judgment results of each modality. Among them,
LMF (Latent Multimodal Fusion) [10] is a typical example, which excels in mining hidden connections
between low-level features. Although such methods can address most fusion challenges, excessive reliance
on low-level features may limit their ability to explore complex relationships between data in depth.

In contrast, model-based methods, especially the multimodal fusion strategy combining machine
learning and deep learning, aim to reveal deeper levels of interdependence and synergy between modalities.
For example, Long Short Term Memory (LSTM) [11] demonstrates powerful temporal modeling capabilities
in multimodal sentiment analysis by introducing a time dimension. The introduction of the Transformer
framework [12] provides an efficient and flexible architecture for integrating multiple single-modal infor-
mation. Recently, attention mechanisms have emerged as a key solution to long-term dependency issues in
sequence modeling [13]. It enhances the model’s ability to capture important information by dynamically
adjusting weight allocation. However, the limitation of methods such as cross transformers is that they often
assume equal contributions from all modalities and fail to fully consider the unique value of key modalities
such as text, resulting in performance bottlenecks [14]. To overcome this limitation, gate control mechanisms
have emerged, which dynamically adjust the weight ratios of different modalities in the fusion process,
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achieving more refined control. But this advantage is also accompanied by a increase in computing resource
demand [15].

Given the varying importance of different modalities, how to skillfully integrate multimodal data and
maximize the utilization of extracted rich features has become the core challenge in improving the accuracy
of sentiment analysis. Unfortunately, there are still shortcomings in the current fusion strategy, especially
the phenomenon of feature loss. To overcome this bottleneck, we design a new multimodal sentiment
analysis framework. This framework seamlessly integrates information from three modalities: text, speech,
and video. Through a carefully optimized fusion mechanism, it aims to utilize the extracted features more
comprehensively and can improve sentiment analysis accuracy in our experiments. Our model captures
the core features of each modality, reducing information loss during the fusion process and helping to
better preserve key information. It is particularly worth mentioning that, in response to the common
problem of feature loss in speech and video modalities, we introduce a spatial position encoding strategy.
However, most existing approaches treat speech and video features as simple sequences, neglecting their
inherent internal structure. For example, speech features commonly adopt time-frequency representations
(e.g., spectrograms), which naturally form a two-dimensional grid. Flattening these into one-dimensional
sequences discards frequency-locality information critical for sentiment cues such as pitch variation or
energy concentration. Similarly, video frames possess spatial layouts that are essential for interpreting
expressions. To address this, we propose spatial position encoding to preserve these structural properties,
thereby mitigating feature loss during fusion.

The main contributions can be summarized as follows:

1)  We develop a multimodal sentiment analysis model that combines fusion embedding and spatial
position encoding. This model uses text as the core modality and integrates it with speech and video,
ensuring the ultimate preservation of key features in each modality.

2) By implementing spatial position encoding strategies for speech and video, we reduce the loss of
spatial information in the network processing of these two modalities, thereby promoting the efficient
utilization of internal features of the modalities.

3)  Toverify the performance of the model, we conduct comprehensive tests on the standard datasets CMU-
MOSI and CMU-MOSE]I and the experimental results demonstrate the performance and effectiveness
of the model in the field of sentiment analysis.

2 Related Work

Currently, the mainstream methods in the field of unimodal sentiment analysis cover text sentiment
parsing based on lexicon and machine learning techniques, image sentiment recognition using convolutional
neural network (CNN) and VGG model [16], and speech sentiment analysis based on support vector machine
(SVM) [17]. However, with the ever-changing advancement of Internet technology and the increasingly rich
and diverse data forms, single-modal sentiment analysis methods are not capable of capturing and integrating
the complex inter-modal correlation information, which tends to limit the comprehensiveness and accuracy
of the analysis results [18]. Further, in the face of complex and changing contextual environments, unimodal
analyses also reveal computational inefficiencies and poor adaptability.

In view of this, multimodal sentiment analysis, which integrates multiple data modalities, has emerged
as a new trend in the field of sentiment intelligence. Zadeh et al. [19] pioneered the introduction of tensor
fusion networks (TFNs), which enable seamless integration of information from unimodal to bimodal
and even trimodal. However, with the cumulative expansion of the matrix product during computation,
the dimensionality of the feature vectors climbs dramatically, placing a heavy burden on model training.
Deeply inspired by TENSs, the work innovatively introduced a low-rank weighting strategy, which cuts down
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the model parameters and drastically improves the computational efficiency. Wang et al. [20] proposed a
multimodal sentiment analysis model that combines BERT-BiLSTM for text feature extraction and CNN
with CBAM attention for reducing redundant information and enhancing cross-modal correlations. Setiadi
et al. [21] proposed a BiGRU-BiDAF hybrid model for aspect-based sentiment analysis on e-commerce
reviews, but the model is still incompetent in capturing long-term dependent information in the face of
sequences of extreme lengths. Wang et al. [22] applied multi-level attention to adaptively fuse text and
image modalities, improving sentiment representation learning. Xiao et al. [23] enhanced sentiment fusion
by integrating attention mechanisms with graph convolutional networks, while Lin et al. [24] constructed
unimodal and multimodal graphs to capture hierarchical relationships across modalities. Although these
graph-based approaches have advanced the modeling of inter- and intra-modal relations, they primarily
emphasize semantic interactions and contrastive structures among features, without explicitly accounting
for modality-specific spatial or positional information.

In recent years, the field of natural language processing (NLP) has witnessed progress in addressing
long-term dependency issues through Transformer models, particularly those employing self-attention
mechanisms. Kim and Park [25] introduced a single-stream Transformer that alleviates the loss of modal
characteristics during fusion and improves information integration. However, it assumes equal contributions
from all modalities and lacks explicit structural modeling for non-text modalities. Recent vision-language
pre-training (VLP) models, such as VL-BERT [26] and LXMERT [27], demonstrated strong visual-text align-
ment through unified or dual-encoder frameworks, while Zhang et al. [28] integrated BERT with ResNet50
for multimodal sentiment tasks. Although effective in mitigating inter-modal gaps, these approaches flatten
or pool feature maps, which discards local dependencies in video frames and frequency-time structures in
speech. Other strategies, such as Chandrasekaran et al. [29] combining LSTM with XGBoost, Cai et al. [30]
employing multi-task fusion with attention, and PEST [31] for video sentiment analysis, aim to enhance
cross-modal interaction but still treat non-text features as sequences without preserving internal spatial
layouts. Similarly, Rahmani et al. [32] and Wang et al. [33] focus on cognitive cues and hierarchical fusion
but neglect explicit positional encoding for modality-specific structures. Sun et al. [34] use a Transformer-
based cross-modal interaction but largely overlook spatial information preservation. While these works
strengthen semantic alignment and inter-modal correlation, they generally lack mechanisms to model spatial
or structural properties of video and speech. This limitation may lead to feature loss during fusion.

Despite the advancements in previous studies, many existing models either overlook the structural
spatial features of non-text modalities or treat all modalities as equally important. As a result, challenges
persist in preserving critical modality-specific features and effectively utilizing positional information during
the fusion process. The primary distinction between our proposed approach and existing work is that
we regard the text modality as fundamental, processing it after integrating speech and video modalities.
Before fusion, we encode the spatial positions of the speech and video modalities to ensure comprehensive
utilization of their internal structures, such as time—frequency patterns in speech and spatial layouts in video.
This enables the model to retain modality-specific characteristics that are often lost in flattened or sequence-
based processing. By combining spatial position encoding with a fusion embedding mechanism, our method
ensures comprehensive utilization of modality-specific features, ultimately leading to more accurate and
robust sentiment analysis outcomes.

3 The Proposed Method

The proposed method can be categorized into three components, as illustrated in Fig. 2. The first
component is spatial position encoding, which encodes both the speech and video modalities before fusion
embedding and subsequently generates their outputs. The second component is the fusion embedding
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module, which takes the outputs from the spatial position encoding as input and processes them through a
fusion gate before sending the result to AOBERT [25] for processing the text, speech, and video modalities.
We chose AOBERT over other Transformer-based models because it preserves inter-modal dependencies
through a single-stream Transformer and joint pre-training tasks. This aligns well with our approach’s
focus on text and leveraging context-aware fusion to enhance cross-modal structural information. The
comparison with other Transformer-based models is shown in the Table 1. The final component is the
sentiment classification module.

Spatial position
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Figure 2: Overall framework

Table 1: The adaptability of representative Transformer-based models to text-centric multimodal strategies

Model Adaptability
AOBERT [25] Maintaining inter-modal dependencies through a single-stream
Transformer and joint pre-training tasks aligns well with our approach.
LXMERT [27] Cross-attention allows anchoring on text, but fusion still symmetric by
default.
BERT-ResNet50 [28] This approach flattens or pools feature maps, thereby discarding the
spatial structure in video and speech.
ICCN [34] Effective for semantic alignment but lacks explicit spatial/structural

preservation, limiting text-centered extensions.

In this study, the three input modalities, text, speech, and video, are defined as: X ¢ Rir<L x 4 €
RéxL x . e R4*L These modal vectors possess a fixed length L and dimensions d, d 4, and dy. To ensure
uniformity among inputs when some modalities are shorter than L, zero padding is employed. Our model
also utilizes modal pairs defined as (X, F4) and (X7, Fy ). Text serves as the base modality in the model,
defined for the modal pairs as: T = (X7), A" = (X1, F4), V' = (X7, Fy).

3.1 Spatial Position Encoding

Due to the complexity of multimodal data structures, speech and video modalities are prone to
information loss during encoding. To preserve their intrinsic spatial and temporal characteristics, we
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introduce a 2D spatial position encoding scheme. Unlike the standard 1D positional encodings used in NLP
tasks or fixed 2D encodings in vision models, our method applies row-wise and column-wise sinusoidal
encodings to the feature matrices of each modality, explicitly preserving frequency-time relations in speech
and spatial layouts in video. Inspired by the sinusoidal positional encoding in the Transformer model [13], we
extend it to encode two independent axes—row and column—denoted as PE; and PE¢ in Eqs. (1) and (2).
These encodings are computed separately and then combined (e.g., via addition or concatenation) to produce
the final position-aware representation. For implementation, input features are organized into matrices of
size d x L, where d and L represent rows and columns, respectively—spatial height and width for video, or
frequency bins and time frames for audio. This structure-aware encoding strategy enhances modality-specific
representation and supports effective downstream fusion, as illustrated in Fig. 3.

sin (42,1) N
PER = 10000 @model k e [1’40]’ (1)
cos (4211 >

10000 *model

PE = 10000 mode! je[1,768], )
cos[ —L5—1.,
10000 9model

where k and j represent the position of the token in the sequence, g and 2¢q denote the odd and even
dimensions, respectively, .41 denotes that the dimension of the token is 512 dimensions.

Position coding:1...k

n1sod.

0'= PE, O PE, F

Figure 3: Spatial position encoding

Before applying the encoding, we define the row and column position embedding vectors as R and C,
which represent positional information along the frequency/height and time/width axes, respectively. To
ensure the completeness of the positional information, we adhere to a specific correspondence rule: odd
positions correspond to odd positional information, while even positions correspond to even positional
information. After spatial position encoding, the row position vectors, column position vectors, and the
encoded matrix are O’ defined as described in Eqs. (3) and (4).

R= [R()aRl)RZa s )Rk]T’ C= [CO’ Cla CZ; e Cj]T) (3)
O'=RocC". (4)

After spatial positional encoding, we combine the encoded features with the original data via a weighted
summation to retain key information while minimizing feature loss. To balance their contributions, we intro-
duce a weight parameter «, enabling flexible integration that preserves the original modality’s characteristics
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while leveraging the structural benefits of spatial encoding. The final output is shown in Eq. (5).
F=(1-a)-O+a-0O',Fe{V,A}, (5)

where O and « represent the original information and the weight parameter, respectively.

3.2 Fusion Embedding

The fusion embedding module aims to address the limitations of traditional fusion strategies, such
as tensor-based methods that suffer from dimensionality explosion and attention-based fusion methods
that assume equal modality contributions. Our design integrates textual embeddings with a lightweight
Fusion Gate, which performs dimension alignment and adaptive feature integration in a computationally
efficient manner.

The textual embedding component consists of token encoding and positional encoding. Token encoding
converts individual words from the text X into numerical representations, while positional encoding
provides essential positional information for the textual sequence. The text embedding employs the standard
BERT embedding method; the outputs of the text embedding and spatial position encoding are collectively
used as inputs for the fusion process. Unlike simple concatenation, the Fusion Gate applies a linear
transformation and LayerNorm to stabilize scale differences while adaptively weighting auxiliary modalities
to prevent feature dominance.

After fusion through the Fusion Gate, the resulting representations (A" and V') are combined with the
text stream to form three inputs. To further model deep contextual interactions across modalities, we employ
an adapted AOBERT as the backbone for multimodal reasoning. Unlike the original single-stream design,
AOBERT in our framework processes three streams—text, text-audio, and text-video—enabling hierarchical
refinement while keeping text as the core modality. This architecture enables our proposed Spatial Position
Encoding and Fusion Embedding to be naturally integrated into the model, while AOBERTs layer-by-layer
fusion strategy provides a flexible structure for dynamic cross-modal interactions. Cross-attention layers
are leveraged for fine-grained integration, and the Pooler layer, followed by a fully connected layer with
tanh activation, produces task-specific sentiment representations. The overall interaction flow is illustrated
in Fig. 4.

F' = Linear(F), (6)
TeF=([AV]), )
X, = LN(Xr @ Fy),X,, = LN(Xr @ Fy), (8)

where T represents a text modality, F denotes an speech modality or a video modality, ® represents
concatenation along the feature, dimension T @ F is defined as the fusion of T and F.

Linear

@ :Concatenation along feature dimension

SP

ULIONTOAR T
S

Figure 4: Fusion gate
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Due to the distinct processing methods employed for these modalities, their dimensions differ. We
establish the text modality as the baseline, enabling the sizes of the other two modalities to adjust accordingly
to align with the text modality’s dimensions. The specific procedure is as follows: F is projected through the
linear layer in Eq. (6) to connect with the textual modality A. Subsequently, T and F are combined based on
the sequence length operation outlined in Eq. (7).

To mitigate the scale discrepancies between modalities and enhance model stability, we implement a
LayerNorm layer with a regularized dimension of dr. Consequently, the dimensions and lengths of X4, and
Xy, which are processed by the fusion gate in Eq. (8), are both Rt x 2L, while the length of the text modality
T remains L. Downstream tasks are conducted using the Pooler layer in AOBERT, which incorporates a fully
connected layer alongside the tanh activation function. When the three pairs T, A’, and V' are processed by
the Pooler layer, the following output is shown in Eq. (9). The detailed forward computation of the Fusion
embedding is summarized in Algorithm 1.

W = tanh(Linear(Z)),Z e {T, A", V'}. 9)

Algorithm 1: Forward computation of the Fusion embedding

Input: Text embedding X1 € R47*L, auxiliary modalities F = {F4, Fy } where F € R%*L
Output: Fused streams { X7, X714, X7v }, with X7 € R97*F and X7, € RIr*2L
L: Initialize outputs: X1 < X

2: for each auxiliary modality F in 7 do

3:  F' < Lineary;j(F)

4 Z<XreoF // concatenate along length axis - Z € R97*2L

5: Z' < LayerNorm(Z)

6: Xrp < AOBERT _stream(Z") /1 cross-attention implicitly learns modality weighting
7. Store Xt as Xt4 or X7y accordingly

8: end for

9: return { X7, X714, X7v}

3.3 Sentiment Classification

To achieve meaningful fusion performance, we introduce a cross-attention mechanism to process Wr,
Wy, Wy. Fig. 5 provides a detailed illustration of the cross-attention layer’s structure, including an example
of how Wry is processed. After passing through the cross-attention layer, the transformed representations
Wy, W}, and Wy, are obtained. Subsequently, each set of multimodal fusion representations undergoes a
connectivity operation, and the results are predicted using a fully connected layer.

The fusion loss Losss is computed across the three pairs of modal data, yielding three types of Lossr,
Loss s, and Lossy.. This methodology is similarly applied to compute the loss values for each type. Given
that Loss 4 is task-related and sentiment analysis is fundamentally a regression problem, we employ a mean
squared error loss function. Ultimately, the model is optimized by minimizing the total average of the three
fusion losses, which are influenced by both Loss;ss and Lossy (as defined in Eqs. (10) and (11)), thereby
enhancing its performance across these combined objectives.

1 X o
Lossiqsk = N Z(yz - )/1) > (10)
i=1
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Losst + Lossr + Lossy
Loss = Loss; 5 + T 3A v (11)

Matmul

Linear

Tanh

®

Linear Linear

W, w, W,

Figure 5: Self-attention layer in a classifier

4 Experiments

In this section, we conduct a series of experimental evaluations to assess the efficacy of our novel model
and benchmark its performance against alternative models across the two datasets under evaluation. All
experimental codes are available on GitHub'.

4.1 Experimental Datasets

We conduct our experiments utilizing two publicly available datasets, CMU-MOSI [35] and CMU-
MOSEI [36], each of which is comprehensively outlined in the following.

CMU-MOSI: A comprehensive multimodal corpus of emotional intensity, curated and structured by
Zadeh et al. [35], draws upon YouTube content where speakers articulate their perspectives on film themes.
This extensive resource encompasses a diverse sample of 2199 video clips featuring English monologues from
individuals of various ethnic backgrounds. The emotional intensity of each video within this corpus spans
a range from -3 to +3. The dataset has been split into training, validation, and testing sets with respective
sample counts of 1284, 229, and 686, as illustrated in Table 2. This partitioning enables us to train the model,
validate its performance, and evaluate its generalization ability.

Table 2: Dataset details

Dataset CMU-MOSI CMU-MOSEI

Training set 1284 16,216
Validation set 229 1871
Testing set 686 4654

CMU-MOSEI is an extension of the CMU-MOSEI dataset by Zadeh et al. [36]. It consists of 23,453
annotated video clips. This corpus contains both affective and emotional labels. Emotion intensity is
annotated using the same method as CMU-MOSI. The dataset encompasses a comprehensive spectrum of

1https:,’,’github,mm /WahPr/SPEFE (accessed on 25 August 2025)
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emotions, spanning from negative to positive across seven distinct categories. The intensity of these emotions
is quantitatively represented on a scale ranging from -3 to +3. The dataset classification is detailed in Table 2.

We process the CMU-MOSI and CMU-MOSEI sentiment datasets using the CMU-Multi-modal Data
SDK [37] toolkit.

Text feature extraction: In previous studies, GloVe word embeddings [38] were utilized as textual modal
features for each marker. Currently, the most advanced research findings have been achieved by employing
pre-trained BERT as a feature extractor for textual discourse.

Video feature extraction: Both CMU-MOSI and CMU-MOSEI leveraged the Facet tool to characterize
facial attributes, employing the Facial Action Coding System (FACS) methodology for extracting fundamen-
tal and intricate emotional nuances present within each video frame. The dimensions of the video features
extracted by the toolkit are 47 and 35, respectively.

Speech feature extraction: The speech features in the dataset were partially processed using the
COVAREP [39] algorithm, a dedicated speech signal processing algorithm designed to derive low-level
speech attributes. This processing resulted in 74-dimensional speech feature vectors.

For all experiments, we randomly split each dataset into training, validation, and test sets from the same
source with identical distributions. A fixed random seed was used to ensure that the same data partition
was consistently applied to all models under comparison, thereby eliminating the influence of sampling
variability. Furthermore, to reduce the impact of stochastic factors such as parameter initialization and
optimizer dynamics, we repeated each experiment five times and report the average performance across runs.

4.2 Comparison Models

We select a series of models for comparative analysis that include metrics for evaluating sentiment
analysis, aiming to demonstrate their excellent performance and advantages in addressing multimodal
sentiment analysis through rigorous experiments. These models tackle challenges in multimodal sentiment
analysis from different perspectives: they address the forgetting problem using long-term and short-term
memory networks [37,40-42], facilitate multimodal data fusion utilizing tensor fusion [10,19], and enhance
the interaction between multimodal information by employing transformers [14,43]. The models used for
comparison are summarized in Table 3. All models are tested on the same dataset, ensuring the fairness and
comparability of the experimental results.

Table 3: Representative multimodal models

Model Description

LMEF [10] A low-rank multimodal fusion method.

MulT [14] A multimodal converter-based model for sentiment analysis.

TEN [19] A network model that fuses tensors through a specific architecture.
Graph-MFN [36] A memory fusion network with an advanced gating mechanism.

BC-LSTM [40] A bi-directional contextual LSTM model.

MFM [41] A multimodal decomposition model for sentiment analysis.

MEN [42] A model that uses gated memory fusion for multimodal integration.

MCR [43] A co-enhancement technique for target and source modes to aid

cross-modal fusion.
MCTN [44] A model that learns robust joint representations through transitions
between modes.

(Continued)
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Table 3 (continued)

Model Description
ICCN [34] A multimodal sentiment analysis model using Transformer
architecture.
GraphCAGE [45]  An unaligned multimodal sequence model based on GNN and capsule
networks.
EF-HEMT [46] A holographic representation approach for higher-order multimodal
fusion.
LMR-CBT [47] A CB-Transformer-based model for learning from unaligned
multimodal sequences.
MAG-BERT [48] A BERT-based model with multimodal adaptation gating.
MISA [49] A model learning both modality-invariant and modality-specific
representations.

4.3 Evaluation Metrics and Parameter Settings

Sentiment analysis is fundamentally regarded as a regression task that aims to predict the strength or
polarity of emotional tendencies. Consequently, we select Mean Absolute Error (MAE) as one of the primary
performance indicators, supplemented by the correlation coeflicient (Corr) to assess the strength of the linear
relationship between predicted and actual values. However, it is important to note that sentiment analysis
often manifests as a classification task, wherein the emotional tendency of a text is classified as positive,
negative, or neutral. Accordingly, we also incorporate Accuracy for Binary Classification (Acc), which directly
measures the correctness of classification results, and combine it with the F1 Score (FI), the harmonic mean
of Precision and Recall, to provide a comprehensive evaluation of classification performance, as defined
in Egs. (12) and (13).

TP+ TN

Acc = , (12)
TP+ TN+ FP+FN

2TP
Fl= ———————, (13)
2TP+ FP+FN
where True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN) include correct
positive predictions, correct negative predictions, incorrect negative predictions, and incorrect positive
predictions, respectively. These categories collectively serve as essential metrics for assessing the classification

accuracy and performance of the model.

In this research, we utilize a server equipped with 24 GB of NVIDIA RTX 3090 graphics processing
unit (GPU), employing Python 3.8 as the programming language and PyTorch 1.10 as the deep learning
framework. For our experiments, we leverage the pre-trained BERT base uncased model to extract the word
embedding matrix. During backpropagation, we employ the AdamW optimizer, which incorporates a linear
learning rate warm-up strategy. The learning rate is set to 5e-4, with a weight decay of 0.1 and a dropout rate
of 0.38. The training regimen involves a batch size of 16 and a total of 100 iterations. For the MOSI and MOSEI
datasets, the input length is fixed at 40 tokens. The optimal experimental parameter settings we obtained are
shown in Table 4.
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Table 4: Parameter settings

Parameter  Value

Batch size 16
Learning rate  5e-4
Dropout 0.38
Weight decay 0.1
Max length 40
Epoch 100

4.4 Results and Discussions
4.4.1 Comparison on CMU-MOSI Dataset

The results on the CMU-MOSI dataset are shown in Table 5. Our model achieves competitive perfor-
mance, outperforming several representative baselines such as MEN [42], MCTN [44], and BC-LSTM [40]
across accuracy, Fl-score, and correlation metrics. This demonstrates the effectiveness of our structured
fusion strategy and spatial position encoding in preserving modality-specific features.

Table 5: Comparison on CMU-MOSI dataset

Model Acct MAE| Corrt F11%
BC-LSTM [40] 73.9 1.079 0.581 73.9
TFN [19] 73.9 0.970 0.633 734
LMEF [10 76.4 0.912 0.668 75.7
MEN [42] 77.4 0.965 0.632 773
MCTN [44] 79.1 0.909 0.676 79.1
MFM [41] 78.1 0.951 0.662 78.1
MulT [14] 83.0 0.871 0.698 82.8
ICCN [34] 83.0 0.860 0.710 83.0

GraphCAGE [45] 821  0.933  0.684 821
EF-HEMT [46] 823 0901 0701 825

LMR-CBT [47] 81.2 - - 81.0
MAG-BERT [48] 84.2 0.712 0.796  84.1
MISA [49] 81.8 0.783 0.761  8L7

Our method 81.7 0.896 0.657  81.6

While recent transformer-based models like MAG-BERT [48] and MulT [14] achieve higher accuracy,
they rely on large-scale pre-trained models or complex temporal alignment mechanisms. Our approach,
in contrast, focuses on spatial modeling and modular fusion, offering better interpretability and structural
flexibility. It is worth noting that MISA [49] also performs well by learning modality-invariant and modality-
specific representations. Compared to it, our model maintains competitive classification results with a
simpler and more modular design.

Although our model does not surpass the state-of-the-art ICCN model according to evaluation metrics,
we attribute this limitation primarily to the constrained size of the MOSI dataset, which restricts our model’s
ability to fully leverage its potential during training. Overall, data augmentation addresses the challenge of
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inadequate training data by artificially increasing the dataset’s size and diversity. While various strategies
exist for augmenting unimodal data, there is currently a lack of tailored techniques specifically designed to
tackle the complexities of multimodal data.

Fig. 6 shows the confusion matrix results of the model on the CMU-MOSI dataset. It can be observed
from this matrix that the model performs well in the prediction of most samples and is capable of accurately
identifying and predicting their correct categories. However, it should also be noted that there are still a small
number of samples whose prediction results have deviated and failed to be classified correctly. Fig. 7 presents
the visualization diagram of the model after dimensionality reduction processing. It can be intuitively seen
in this figure that samples belonging to the same category can cluster well together in the feature space,
demonstrating the effectiveness of the model in classification tasks. However, at the same time, there is also a
situation where the two types of samples are difficult to completely separate in the feature space. This might
be due to the relatively small number of samples in the dataset, resulting in the model failing to fully learn
the subtle differences between various categories during the training process.

Confusion matrix on the MOSI dataset
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Figure 6: Confusion matrix on the CMU-MOSI dataset
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Figure 7: Visualization results on the CMU-MOSI dataset. The x- and y-axes are 2D embedding coordinates without
physical meaning, used for visualizing sample relationships
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4.4.2 Comparison on CMU-MOSEI Dataset

The results of sentiment analysis performed on the CMU-MOSEI dataset are depicted in Table 6.
The proposed model shows improved performance, yielding observable improvements across various
classification and regression metrics. When compared to existing models, our model exhibits comparable or
superior performance, particularly excelling in Acc, Corr, and F1 metrics. This indicates the model’s strength
in leveraging emotional features, capturing and utilizing emotional information from the data.

Table 6: Comparison on CMU-MOSEI dataset

Model Acct MAE| Corr? Fl11%

Graph-MEN [36]  76.9 0.710 0.540 770
MCTN [34] 79.8 0.609 0.670  80.6

TEN [19] 82.5 0.593 0.700 821
LMF [10] 82.0 0.623 0.677 821
MFM [41] 84.4 0.568 0717 843
MulT [14] 82.5 0.580 0.703 823
ICCN [34] 84.2 0.565 0713  84.2
MCR [43] 84.7 0.554 0.736  84.3
GraphCAGE [45] 817 0.609 0.670 818
EF-HEMT [46] 81.9 0.597 0.699 822
LMR-CBT [47] 80.9 - - 81.5
MAG-BERT [48] 84.7 - - 84.5
MISA [49] 83.6 0.555 0.756  83.8

Our method 85.8 0.569 0.759  85.5

As shown in Table 6, our model achieves the best overall performance on the CMU-MOSEI dataset,
outperforming recent methods including MAG-BERT [48] and MISA [49]. While MAG-BERT leverages
large-scale pre-trained transformers with modality adaptation gates to enhance language representations, it
increases model complexity and training cost. MISA employs a dual-branch strategy to disentangle modality-
invariant and modality-specific features. In comparison to these and earlier fusion techniques such as
Tensor Fusion Network (TEN) [19] and Low-rank Multimodal Fusion (LMF) [10], our framework explicitly
integrates spatial modeling, contributing to superior accuracy, correlation, and F1 scores. Other competitive
models like the Multimodal Factorization Machine (MFM) [41] and Multimodal Contextual Reinforcement
(MCR) [43] enhance multimodal interactions; MFM adeptly decomposes features into discriminative and
modality-specific components, and MCR creatively integrates novel target-modal reinforcement mecha-
nisms to robustly enhance representations and capture complex interactions. Despite these sophisticated
strategies, our approach consistently surpasses them, validating the advantages of our modular design and
delivering better performance with a more compact and interpretable architecture.

In contrast, our model achieves enhancements by optimizing the fusion process and encoding the spatial
positions of speech and video modalities. This optimization allows for more accurate data fusion from various
modalities and utilizes spatial position information to enhance performance. The proposed architecture
introduces additional computation primarily in the fusion gate and positional encoding stages, but the
increase remains moderate compared to tensor-based methods, ensuring practical feasibility. However,
despite these improvements, the model may still face limitations in certain conditions due to its underlying
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assumptions. Specifically, performance may degrade under severe modality asynchrony or extremely noisy
audio/video inputs, as the positional encoding assumes relatively stable structural patterns.

Notably, the comparative models, including TEN, MFN, MFM, and ICCN, demonstrated improved
performance on the MOSEI dataset relative to the CMU-MOSI dataset. This enhancement can be attributed
to the richer and more diverse data samples in MOSEI, which enabled these models to undergo a more
comprehensive training process and realize their full potential. This observation highlights the crucial
importance of increasing dataset size to improve model performance and underscores the impact of data
richness on refining model capabilities.

Fig. 8 shows the confusion matrix results on the CMU-MOSEI dataset. It can be seen that the model can
predict the correct categories of most samples, but there are still a small number of samples with incorrect
predictions. Compared with the results of the CMU-MOSI dataset, the prediction accuracy rate has been
improved. Fig. 9 is the visualization diagram of the model after dimensionality reduction. From the figure,
it can be intuitively observed that samples of the same category can be closely clustered together to form a
distinct cluster structure, and at the same time, the discrimination between samples of different categories
is also very significant. Compared with the visualization results on the CMU-MOSI dataset, the model
performs better on the CMU-MOSEI dataset, which further confirms the generalization ability of the model
on different datasets. However, it is worth noting that although the overall performance of the model is
excellent, there are still some samples that are difficult to clearly distinguish in the visualization graph, thereby
affecting the performance of the model.

4.5 Ablation Study

In this section, we conduct a comprehensive series of ablation studies to investigate the specific
contributions of the spatial position encoding component, with the results summarized in Table 7.

Confusion matrix on the MOSEI dataset
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Figure 9: Visualization results on the CMU-MOSEI dataset. The x- and y-axes are 2D embedding coordinates without
physical meaning, used for visualizing sample relationships

Table 7: Ablation results encoded by spatial position

Dataset Acct MAE| Corrt F11%
CMU-MOSI 81.7 0.896 0.657  81.6
CMU-MOSI (ablation) 80.1 0.928 0.653  80.2
CMU-MOSEI 85.8 0.559 0.759 855

CMU-MOSEI (ablation)  83.6 0.556 0.753  83.7

Experimental results from the CMU-MOSI dataset indicate that the unablated model achieves improve-
ments of 1.6% and 1.4% in Acc and FI metrics, respectively, compared to the ablated model. This level of
improvement signifies a notable enhancement in model performance. Additionally, the unablated model
demonstrates a reduction in mean absolute error (MAE) and an enhancement in correlation (Corr) metrics
relative to the ablated model, providing further evidence of optimization in several performance aspects.
This substantial performance enhancement is primarily attributed to our proposed spatial position encoding
module. By encoding speech and video modalities, the model minimizes the loss of unique features from
each modality, allowing it to retain and utilize critical information more effectively. Simultaneously, it
optimizes the use of internal features of each modality, making the model more adept at handling complex
multimodal data. Collectively, these advantages lead to improvements in overall model performance,
particularly in Acc and FI metrics, further validating the effectiveness and sophistication of the spatial
position encoding module.

Similarly, the fully trained model evaluated on the CMU-MOSEI dataset outperforms the ablated
model, underscoring the importance of the spatial position encoding module. The unablated model achieves
improvements of 2.2% and 1.8% in Acc and FI metrics, respectively, providing additional evidence of the
model’s validity. Moreover, the unablated model exhibits notable gains in the Corr metric, suggesting
enhanced overall performance when managing multimodal data. However, it is important to acknowledge
that the unablated model is not optimal concerning the MAE index. The broader spectrum of emotions
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and diverse scenarios represented in the CMU-MOSEI dataset pose greater challenges for the model,
contributing to the observed suboptimal performance in the MAE index. Nonetheless, the unablated
model exhibits improved generalization ability on this dataset, captures more nuanced features, and shows
enhancements across multiple metrics. These results further corroborate the effectiveness of the proposed
spatial position encoding module, which minimizes the loss of modality-specific features and improves the
utilization of intramodal features, thereby enhancing overall model performance. Although there remains
potential for further improvement in the MAE metrics, the model’s performance in other metrics clearly
demonstrates its superiority and potential.

We also conducted ablation experiments of the fusion embedded module to verify the effectiveness of
the module. The experimental results on the two data sets are shown in Table 8. The experimental results on
the CMU-MOSI dataset show that compared with the ablation model, the non-ablation model achieves a
increase 0of 2.1% in Acc metric and 1.9% in FI metric, respectively, which indicates that the model performance
has been improved. At the same time, the MAE metric decreased and the Corr metric increased in the non-
ablation model compared with the model with the fusion embedded module. The performance improvement
of the model is mainly due to the fusion embedded module proposed by us. By integrating text as the basic
mode with audio and video modes, the key features of each mode can be retained to the greatest extent,
thus improving the overall performance of the model, which further verifies the effectiveness of the fusion
embedded module.

Table 8: Ablation results of fusion embedding

Dataset Acct MAE| Corrt F1?%
CMU-MOSI 81.7 0.896 0.657 816
CMU-MOSI (ablation) 79.6 0.925 0.646  79.7
CMU-MOSEI 85.8 0.559 0.759  85.5

CMU-MOSEI (ablation)  83.1 0.572 0.745 834

Similarly, on the CMU-MOSEI dataset, the non-ablated model achieved a improvement of 2.7% in the
Acc metric and 2.1% in the F1 metric compared with the ablated model, which further verified the importance
of the proposed module in improving the overall performance of the model. At the same time, MAE metric
decreased and Corr metric increased slightly, which further verified the advantage of the model in capturing
the correlation between data. In summary, the experimental results on the two datasets consistently verify
that our proposed fusion embedded module can improve the overall performance of the model.

Although both components show similar performance drops in isolation, the fusion embedding has a
more direct impact on cross-modal integration. The spatial position encoding acts as a supporting module,
and its effectiveness depends on whether the fusion mechanism can leverage the encoded structural cues.
Without proper fusion, spatial features may not be fully utilized. This highlights the complementary nature
of the two modules.

In the spatial position encoding module, we aim to maximize the utility of modal feature information by
integrating it with the original information. This strategy enhances the features encoded by spatial position
while preserving the original data, thus enriching the overall feature representation. However, given the
potential discrepancies between the information processed by the spatial position encoding module and the
original data, a straightforward addition may not represent the optimal fusion method. To achieve more
precise control over the contributions from the two sources, we introduce a weighting parameter «. This
parameter adjusts the balance between the spatially position-encoded modal information and the original
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data in the final fused output, enabling more flexible and accurate integration. To determine the optimal
value of a, we conducted a series of experiments with values ranging from 0.1 to 0.9 in increments of 0.1.
These experiments were designed to identify the setting that yields the best model performance, thereby
validating the effectiveness of the spatial position encoding module and exploring its most suitable role in
multimodal information fusion.

Table 9 presents the experimental results for the CMU-MOSI dataset. Our findings indicate that the
model’s accuracy (Acc), mean absolute error (MAE), and F1 metrics reached their optimal levels when the
weighting parameter « was set to 0.7, although the correlation metric (Corr) did not attain its highest value. As
a relatively small dataset, CMU-MOSI may exhibit an imbalanced data distribution, which poses challenges
for effective model training. This imbalance can cause the model to become biased toward the majority class,
thereby compromising its ability to correctly classify the minority class. Notably, when « = 0.7, the model
demonstrates peak performance across the Acc, MAE, and F1 metrics. This configuration likely achieves a
more effective balance in the loss function, enabling the model to better capture features that are critical for
accurate classification. The improvement in Acc reflects enhanced classification accuracy; the reduction in
MAE indicates lower errors in predicting sentiment intensity; and the increase in FI shows a more favorable
trade-oft between precision and recall. Additionally, the limited number of samples in CMU-MOSI may
restrict the model’s ability to fully learn representative features, thus constraining its generalization capacity.

Table 9: Experimental results of weight share on CMU-MOSI dataset

« Acc? MAE| Corrt F11%

01 791 0.928 0.652 789
02 792 0.905 0.658 791
03 781 0.947 0.639 781
04 796 0.911 0.649 795
05 788 0.908 0.653  78.7
0.6 789 0.912 0.657  78.8
0.7 817 0.896 0.657 81.6
0.8 791 0.906 0.661 78.8
09 78.6 0.905 0.662 785

Table 10 presents the experimental results on the CMU-MOSEI dataset. Through detailed analysis, we
found that the model achieves optimal performance across all evaluation metrics—except for the MAE—
when the weighting parameter « is set to 0.3. We hypothesize that this result may be attributed to the
comprehensive nature of the CMU-MOSEI dataset, which contains abundant speech and video data. This
richness provides the model with ample opportunities to learn expressive feature representations, thereby
enhancing its performance across various sentiment analysis tasks. However, we also observe variations in
the model’s use of speech and video features under different & values. These variations may result from
how different settings of « influence the model’s preference during feature extraction and fusion, ultimately
affecting the optimization of the MAE metric. The experimental results underscore the importance of
carefully tuning the weighting ratio between the original and position-encoded modal information within
the spatial position encoding module, as this adjustment impacts overall model performance. This finding
highlights the crucial role of « in balancing raw and encoded data contributions during multimodal fusion.
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Table 10: Experimental results of weight share on CMU-MOSEI dataset

a« Acct MAE| Corrt F1%

01 833 0.599 0.746  83.3
0.2 838 0.617 0.717 831
03 8538 0.559 0.759 855
0.4 837 0.562 0.751  83.9
05 834 0.557 0.748 835
0.6 839 0.569 0.753 839
0.7 833 0.559 0.754 835
0.8 835 0.564 0.755 835
09 84.6 0.585 0.756  84.5

Tables 6 and 7 demonstrate that removing either the spatial position encoding or the fusion embedding
consistently degrades performance across accuracy, Fl, correlation, and MAE. The benefits arise not simply
from added parameters. Spatial position encoding preserves the intrinsic 2D organization of audio (time-
frequency patterns) and video (facial regions), reducing information loss and providing a structural prior
that dampens frame-level noise. The fusion embedding module performs lightweight dimensional and
scale alignment while anchoring integration on the text stream, preventing auxiliary modalities with high
variance from overwhelming linguistic semantics and stabilizing subsequent attention. Their effects are
complementary: spatial encoding provides structure, while fusion embedding enables effective integration.
Similar degradation when each module is removed separately indicates neither subsumes the other.

Tables 8 and 9 further reveal that the weighting coefficient « in Eq. (5) balances raw features (O) and
position-enhanced features (O’). On the smaller, less balanced MOSI dataset, a higher « (0.7) yields better
classification by emphasizing the structured representation to reduce variance and mitigate overfitting to
noise. Conversely, on the larger, more diverse MOSEI dataset, a lower « (0.3) is optimal, as abundant
data allows learning useful local patterns directly from raw features; a high « would over-constrain subtle
continuous variations crucial for correlation and regression. Minor metric mismatches indicate the optimal
« for discrete classification vs. continuous metrics may differ slightly.

4.6 Error Analysis

To further illustrate the limitations of the proposed model, we analyze a representative misclassified
case from the CMU-MOSEI dataset, shown in Fig. 10. The text in this sample reads: “But, if you're interested
in owning this, you can find it on amazon dot com.”

But, if you're interested in
= owning this, you can find it
: on amazon dot com

Figure 10: Misclassification cases (example from the CMU-MOSEI dataset)

The ground-truth sentiment label for this utterance is negative, yet the model incorrectly classified it as
positive. This error can be primarily attributed to the dominance of text-based semantic cues in the fused
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representation. Specifically, the sentence contains superficially positive lexical items such as “interested” and
“owning’, which are typically associated with favorable attitudes. In the absence of explicit negative sentiment
words or strong negation patterns, the textual stream presents a semantic bias toward positivity.

Although our model integrates speech and visual modalities, in this case the prosodic and facial cues
conveying disinterest or sarcasm were relatively subtle. The spatial position encoding mechanism preserved
structural features from these modalities, but the fusion process may have assigned insufficient weight
to them due to the stronger polarity signal inferred from the text. When auxiliary modalities carry low-
intensity emotional cues, the model’s decision boundary may still be disproportionately influenced by lexical
sentiment priors from the text.

5 Conclusions and Future Work

In this paper, we proposed a multimodal sentiment analysis model that integrates fusion embedding
and spatial position encoding. The model treats text as the primary modality and combines it with
speech and video in a structured manner, preserving key modality-specific features. By applying spatial
position encoding to speech and video, we mitigate spatial information loss and enhance feature utilization.
Experiments on CMU-MOSI and CMU-MOSEI demonstrate the model performance, and ablation studies
verify the contribution of each component.

In addition, our current experiments rely on benchmark datasets (CMU-MOSI and CMU-MOSEI)
that provide relatively well-segmented and temporally synchronized text, audio, and video streams. How-
ever, real-world deployments often face modality asynchrony arising from heterogeneous sampling rates,
imperfect speaker segmentation, frame dropping, network latency, and gradual drift between transcription
timestamps and acoustic/visual signals. Such misalignment may weaken cross-modal attention and partially
offset the benefits of spatial position encoding when temporal correspondence is ambiguous. Similarly,
practical scenarios introduce diverse noise sources: background speech and music, reverberation, sensor or
compression artifacts, facial occlusion, pose changes, tracking loss, and transcription or ASR errors. These
factors can inject high-variance perturbations into time-frequency patterns or facial dynamics, potentially
amplifying spurious correlations.

In future work, we will explore multi-task learning schemes, such as combining sentiment classification
with intensity prediction, to further enhance model generalization. We also plan to investigate assigning
primary modality roles dynamically, as well as integrating cross-modal attention mechanisms to adaptively
weigh each modality. Moreover, we aim to incorporate interpretability techniques (e.g., Grad-CAM, attention
visualization) to analyze the decision process, and address challenges related to temporal asynchrony
in multimodal data. We also plan to perform fine-grained ablation studies on the fusion module by
separately evaluating the effects of linear projection, layer normalization, and gating operations. To broaden
applicability, we will also extend our spatial encoding strategy to non-grid modalities such as raw text via
learnable or adaptive position encoding methods. Finally, we plan to include statistical tests and clustering
metrics to strengthen the reliability of model evaluations.

We hope this modular framework serves as a foundation for future research in structured and
interpretable multimodal fusion, facilitating progress in tasks beyond sentiment analysis.
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