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DEVELOPMENT AND RESEARCH OF
MULTIMODAL NEURAL ARCHITECTURES
FOR -HETEROGENEOUS UNBALANCED
DATA IN CLASSIFICATION TASKS

The article presents a comprehensive study of modern
multimodal neural architectures for integrating heterogeneous and partially
unbalanced data in classification tasks. It considers early and late fusion
approaches, hybrid architectures with cross-modal attention, and
transformers that allow the formation of consistent latent spaces of visual,
auditory, and textual features. Particular attention is paid to contrastive
learning (CLIP-like approaches, multimodal InfoNCE), which ensures
semantic consistency of representations and improves classification
accuracy in the presence of uneven data distribution and rare classes. A
model is proposed that combines early and late fusion with cross-modal
attention and contrastive learning to form a coherent joint latent space.
Features of each modality are processed by specialized encoders, and
fusion is performed with adaptive wejghting, which minimizes the impact
of heterogeneous data imbalance and enables the efficient processing of
signals of different natures and intensities. The use of pruning,
quantization, and knowledge distillation has reduced computational costs
without losing accuracy, ensuring stable model performance in real-world
streaming scenarios with limited resources. The results of applying the
proposed model to the BDD100K and CMU-MOSEI datasets confirmed the
model's high efficiency in processing heterogeneous and unbalanced data.
For BDD100K, Accuracy 0.953, F1-score 0.956, ROC-AUC 0.947 were
achieved, and the integral indicators Micro F1, Macro F1, and Weighted F1
were 0.953, 0.949, and 0.955, respectively;, For CMU-MOSEI, Accuracy
0.956, F1-score 0.969, ROC-AUC 0.968, and the integral indicators Micro
F1, Macro F1, and Weighted F1 were 0.956, 0.962, and 0.968, respectively.
A comparative analysis with classical feature concatenation approaches,
recent State-of-the-Art multimodal fusion models, and AutoML-based
solutions demonstrated that the proposed architecture consistently
outperforms existing methods. In particular, the model improves
classification accuracy by approximately 2—4% compared to recent SOTA
architectures and provides more stable F1-scores for minority classes. A
comparison with the AutoML-based framework B-T4SA also confirms the
robustness of the proposed approach. These results demonstrate that the
developed model ensures higher classification consistency for both
frequent and rare classes under heterogeneous and imbalanced data
conditions.

Keywords: multimodal data, cross-modal attention, contrastive

learning,  knowledge distillation, pruning, quantization, emotion
classification, autonomous navigation.
Introduction

Multimodal data analysis has emerged as a pivotal
research area within contemporary artificial intelligence, as it
facilitates the integration of heterogeneous information sources,
encompassing visual, auditory, textual, video, and sensor-based
signals. The joint processing of multiple modalities enables Al
systems to construct enriched, semantically coherent, and context-
aware representations of complex real-world phenomena. This
capability is particularly critical in dynamic and high-uncertainty
domains such as autonomous driving, medical diagnostics,
human-computer interaction, and emotion recognition, where
reliance on a single modality frequently yields incomplete or
unreliable outcomes, potentially compromising decision-making
processes or system safety [1].

Despite its significant potential, multimodal learning
presents substantial methodological challenges arising from
intrinsic inter-modal heterogeneity. Individual modalities may
exhibit distinct statistical distributions, variable temporal
resolutions, differing noise characteristics, and unique semantic
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structures. Such disparities often result in feature misalignment, where relevant patterns within one modality are not
appropriately correlated with complementary information from other modalities. Furthermore, modality dominance
may occur, wherein the learning process is biased toward stronger modalities at the expense of weaker but informative
ones. Conflicting information across modalities may also introduce ambiguity, thereby degrading overall model
performance. These factors complicate the design of fusion strategies that are simultaneously robust and capable of
capturing complex cross-modal relationships.

Conventional fusion approaches, including early fusion, late fusion, and simple feature concatenation,
frequently prove insufficient in addressing these challenges. Early fusion methods, which integrate raw features from
multiple modalities, are sensitive to scale discrepancies and noise, potentially distorting the joint representation. Late
fusion strategies, which combine predictions from modality-specific models, often neglect fine-grained inter-modal
interactions [2]. Likewise, feature concatenation does not guarantee semantic consistency, limiting the model’s ability
to fully exploit complementary information across modalities. Consequently, such traditional approaches often
underperform on tasks that require a nuanced understanding of cross-modal dependencies.

Recent advancements in deep learning provide promising avenues to mitigate these limitations. Architectures
leveraging attention mechanisms, shared latent representations, contrastive learning frameworks, and transformer-
based models have demonstrated improved feature alignment, enhanced robustness to noise, and resilience to missing
data. However, these approaches typically require large-scale annotated datasets and significant computational
resources, along with careful hyperparameter tuning and architectural optimization. This poses challenges in resource-
constrained settings or in applications that demand real-time processing. Accordingly, a central research challenge in
multimodal Al lies in developing strategies that optimally balance representational accuracy, computational
efficiency, and scalability, while maintaining semantically consistent and robust cross-modal representations [3].

The remainder of this paper is organized as follows. The section Related Works reviews existing research on
multimodal learning architectures and fusion strategies. The section Purpose and Objectives of the Study formulates
the main aim of the research and the specific tasks addressed in this work. The section Materials and Methods describes
the theoretical foundations of multimodal integration, the proposed hybrid architecture, and optimization techniques.
The sections Datasets and Data Preprocessing present the characteristics of the selected datasets and the procedures
applied to prepare the multimodal data for training. The section Experiments and Results reports the experimental
evaluation and comparative analysis of the proposed model. Finally, the section Conclusions, Limitations, and Future
Work summarizes the key findings and outlines directions for further research.

Related works

Multimodal learning is a well-established research field that focuses on integrating heterogeneous data
sources, including images, text, audio, sensor signals, and structured features, to improve the quality of representations
and predictive performance [1—4]. Foundational research identifies three main fusion strategies: early, intermediate,
and late fusion [5-8]. Early fusion allows direct modeling of cross-modal dependencies at the feature level and creates
a unified representation of all modalities, but it is sensitive to differences in scale, noise, and statistical properties
between sources [6,9]. Intermediate fusion, based on shared or partially shared latent spaces, has become the dominant
paradigm in modern neural architectures, as it can capture complex interdependencies while preserving modality-
specific characteristics [7,10—12]. Late fusion aggregates outputs or features from independently trained subnetworks,
which is particularly effective for incomplete, asynchronous, or highly heterogeneous data and supports model
interpretability [13—15].

To summarize the main characteristics of existing approaches, Table 1 presents a comparison of multimodal
fusion strategies, modalities used in typical applications, and their primary limitations.

Table 1
Comparison of multimodal fusion strategies
Fusion type Typical modalities Main idea Advantages Limitations
. Concatenation or joint . Sensitive to noise, scale
. + + . - . 0
Early fusion Image + text, image encoding of features before Captures direct cross differences, and missing

sensor data modal interactions

model training modalities

Learning shared latent Preserves modality- Requires complex

Intermediate fusion

Image + text + audio,
multimodal embeddings

representations using neural

networks

specific features while
modeling interactions

architectures and careful
training

Late fusion

Independent modality-
specific models

Combining predictions or
high-level features from
separate models

Robust to missing or
asynchronous modalities,
interpretable

Limited ability to learn
deep cross-modal
relationships

Comprehensive surveys of multimodal deep learning highlight architectures based on convolutional,

recurrent, and transformer networks, emphasizing attention mechanisms, multi-task learning, and pretraining
strategies for improved feature alignment and generalization [16—19]. Interpretable heterogeneous ensembles
represent a complementary direction, balancing predictive performance and transparency, which is particularly
important in biomedical and healthcare applications [14,17,18].
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In practical applications, multimodal networks demonstrate significant improvements in healthcare and
finance. In healthcare, they integrate medical imaging, genomic profiles, and clinical records to enhance diagnostic
accuracy, predict disease progression, and support personalized treatment planning [1,3,4]. In finance, combining
numerical indicators, textual news, and social media sentiment enables better risk assessment, trend forecasting, and
investment optimization [2,4].

Two of the most intensively studied domains are multimodal sentiment analysis and autonomous systems. In
sentiment analysis, AutoML-based fusion strategies achieve state-of-the-art performance, with the B-T4SA model
reaching an accuracy of 95.19% [19]. In autonomous driving, multimodal models integrate camera images, LiDAR,
radar, sensor data, and semantic scene descriptions. Large-scale benchmarks, such as BDDI100K, facilitate
heterogeneous multi-task learning and support explainable frameworks for perception and decision-making in
complex environments [3,4,19].

Despite these advances, several important limitations remain in existing multimodal learning approaches.
First, traditional fusion strategies such as early and late fusion often fail to ensure deep semantic alignment between
heterogeneous modalities, which may lead to information loss or insufficient exploitation of complementary features.
Second, many modern architectures rely on large-scale labeled datasets and high computational resources, making
them difficult to deploy in real-time or resource-constrained environments. Third, existing models frequently struggle
with modality imbalance, where dominant modalities overshadow weaker but informative signals, reducing the
robustness of multimodal representations. Finally, many current solutions provide limited flexibility in adapting fusion
mechanisms to heterogeneous data conditions or dynamically adjusting the contribution of individual modalities.
These limitations highlight the need for more flexible and computationally efficient multimodal architectures capable
of achieving stable feature alignment, balanced modality integration, and high predictive performance across diverse
application domains.

Purpose and objectives of the study

The aim of this research is to conduct a comparative analysis of modern architectures for multimodal learning,
specifically classical and hybrid systems, and to evaluate their effectiveness in terms of accuracy, energy efficiency,
and scalability metrics.

To achieve this purpose, the following objectives must be solved:

1. Conduct a theoretical analysis of modern approaches to multimodal integration, including early and late
fusion mechanisms, as well as methods for matching features in a shared latent space;

2. Justify the choice of metrics for evaluating the effectiveness of multimodal models, taking into account
their architectural features, computational complexity, and resistance to input data variability;

3. Prepare and perform pre-processing of two multimodal datasets representing visual-sensory scenes of the
road environment and audiovisual-textual emotional interactions, respectively, ensuring the unification of data formats
and bringing all modalities to a form suitable for joint processing in neural networks;

4. Conduct experimental research and comparative analysis of different multimodal fusion strategies based
on convolutional, recurrent, and transformer architectures, analyze the results, and form conclusions about their
effectiveness.

Materials and methods

The traditional paradigm of multimodal integration has long been based on two basic approaches: early and
late fusion. Early fusion involves combining features from different modalities before they are passed into the main
neural network. This approach allows the creation of a single latent representation that already contains information
from all available sources. Formally, this process is described by the equation (see formula 1) [4]:

Z = frusion (X1, X2, -+, Xy, (1)

where x; — input data if the i-th modality, Z — integrated representation, M — number of modalities. The
advantage of early integration is deeper feature alignment, since all modalities are presented in a common space before
processing begins, allowing learning algorithms to identify interdependencies between heterogeneous data and create
more complex, multidimensional representations.

Late fusion, on the contrary, involves independent training of subnetworks ¢;(x;, W;)with subsequent
aggregation through the function (see formula 2) [5]:

5\’ = g(d)l(xllwl)""’d)M(xM’WM))' (2)

This approach allows for preserving the specificity of each modality, supporting the independent training and
adaptation of subnetworks to changes in the statistical properties of the corresponding modal data or conditions of
their arrival. Additionally, it greatly simplifies the addition of new data sources without the need to retrain the entire
system. It reduces the risk of “noise mixing” from heterogeneous sources, although it may limit the depth of semantic
alignment.

With the advent of transformers, it has become possible to flexibly represent dependencies between all
elements of different modalities through a self-attention mechanism.
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The classical formalization of attention is represented as follows (see formula 3) [6]:
Attention(Q;, K, V;) = softmax (3’%’) V; 3)
where Q;, K;, V; — matrices of queries, keys, and values of the corresponding modalities, d, — dimension of
the keys. This enables the implementation of cross-modal connections that encompass not only text and images, but
also any combination of data, such as video with sensory signals or audio with time series [7].
For multi-headed cross-modal attention, the output representations of each layer can be aggregated with
adaptive weight a; (see formula 4) [8]:

Zmuii = X1 @; * Attention(Q;, K;, V). 4)

The contrastive approach to reconciling heterogeneous data is formalised through the loss function (see
formula 5) [9]:

R exp(sim(z;-‘eXt,z:mage)/r)

Leonstrastive = Ty 4i=t

)

teXt,Z

Z}V:l exp(sim(z; /‘L')‘
where sim() — cosine similarity, T — temperature coefficient, N— package batch size.

This approach enables the model to form semantically consistent representation spaces, where objects or
events with similar content or belonging to the same class are positioned closer together in the vector space, while
incompatible or heterogeneous objects are moved further apart. This representation structure enhances the model's
performance in various tasks, including classification, information retrieval, example comparison, and the generation
of new content based on integrated features.

Contrastive loss functions are particularly effective when working with large datasets and multimodal
scenarios, where data comes from different sources and contains heterogeneous characteristics. They ensure global
alignment of semantic information across all examples in a batch, allowing the model to identify common features
and significant patterns regardless of modality.

Network architecture optimization is performed through Neural Architecture Search (NAS), where the loss
function on validation data is minimized depending on the architecture parameters (see formula 6) [10]:

Ig]i/ll} Lya(W*(a),a), W*(a) = arg mMi/n Lrain(W, @). (6)

It involves a two-stage optimization process: first, the optimal network weights for the given architecture
parameters are determined, and then the architecture parameters that minimize the loss function on the validation data
are selected. Thus, NAS allows you to automatically determine feature fusion points, the number and configuration
of layers, and the optimal weight ratios between modalities.

In the present study, NAS was applied to determine the optimal configuration of the multimodal neural
architecture. The search space included several architectural parameters that significantly affect model performance
and computational complexity. In particular, the following parameters were optimized: the number of layers in
modality-specific subnetworks (from 2 to 6 layers), the dimensionality of hidden feature representations (128, 256,
and 512 units), and the type of activation functions (ReLU, GELU, and LeakyReLU). In addition, the search process
considered the number of attention heads in cross-modal attention modules (from 4 to 8), the dropout rate (0.1-0.4),
and the positions of fusion layers responsible for integrating information from different modalities.

The architecture search was performed using an iterative optimization strategy based on validation loss
minimization. During the search process, 120 candidate architectures were generated and evaluated. Each candidate
configuration was trained for a limited number of epochs on the training dataset and subsequently evaluated on the
validation set using the cross-entropy loss and the F1-score as evaluation criteria. The architecture demonstrating the
lowest validation loss and stable generalization performance was selected as the final configuration used in subsequent
experiments.

Computational optimization of neural networks encompasses key methods, including pruning, quantization,
and knowledge distillation, which strike a balance between performance, accuracy, and computational costs (Table 2).

image
i )

Table 2
Methods for improving the efficiency of multimodal models

Method Approach Description | Impact on Accuracy Impact on ((;:g;?p utational Main Advantages | Main Limitations
Removal of insignificant Accuracy may Significant reduction in Model size .
. . slightly decrease . Requires careful
Pruning weights, neurons, or under asoressive the number of parameters | reduction, faster tunine and retrainin
connections &g and FLOPs inference & &
pruning
Reducing the bit-width
Quantization of weights and Slight decrease, Reduced memory and | High efficiency | Sensitive to data type
activations (FP32 — | usually controllable energy consumption on edge devices |and hardware support
INTS, etc.)
Transferring knowledge s Lo . Additional cost for
o from a large model Often maintained or Significantly lower  |High accuracy-to- .
Knowledge Distillation . . . . training the teacher
(teacher) to a compact even improved inference cost size ratio model
model (student)
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Pruning is the removal of low-impact weights to reduce model size and computational complexity during
training and inference. This approach identifies and eliminates parameters whose contribution to the output is minimal,
resulting in a more compact and efficient network while preserving predictive accuracy. In large-scale multimodal
systems, pruning significantly reduces memory usage and computational cost. When combined with quantization and
knowledge distillation, it enables the development of lightweight models that maintain semantic consistency and high
performance under limited computational resources.

Quantization converts weights into discrete levels, which reduces memory consumption and speeds up
computation, while knowledge distillation allows knowledge to be transferred from a large “teacher” model to a

compact ‘student’ model by minimizing Kullback-Leibler divergence (see formula 7) [11]:
teacher

— teacher b;
LKD - Zi pi lOg p;tudent' (7)
L

where pfe3°her represents the probability of class i, predicted by the large model, while p$t9ent represents

analogous prediction of the smaller model.

In the proposed framework, the teacher model corresponds to the full multimodal architecture obtained after
the NAS optimization stage. This model includes modality-specific subnetworks combined through transformer-based
cross-modal attention mechanisms and operates with high-dimensional feature representations (512 units). Owing to
its structural complexity and large number of parameters, the teacher model achieves high predictive accuracy but
requires substantial computational resources.

The student model represents a compressed version of the teacher architecture designed for computational
efficiency. It contains a reduced number of layers in each modality branch (3—4 layers) and employs lower-
dimensional latent representations (256 units). During training, the student network is optimized using a combination
of the standard classification loss and the distillation loss derived from the soft probability distributions produced by
the teacher model.

Knowledge distillation losses quantify how accurately the student model reproduces the behavior of the
teacher model, enabling effective knowledge transfer from a large network to a compact one with minimal
performance degradation. By learning from both hard labels and the teacher’s soft predictions, the student preserves
the semantic structure and inter-class relationships encoded in the teacher’s representations. This approach is
particularly effective for large-scale multimodal models, allowing the construction of computationally efficient
student networks that maintain semantic consistency across text, visual, audio, and video modalities while capturing
complex hidden features and contextual dependencies.

A balance between modalities is necessary to compensate for the dominance of one modality in the final
representation. The loss function in this case is as follows (see formula 8) [12]:

Lt = 2itq AL, X214 = 1, ()
where L; — losses calculated for each modality separately, A; — integration weight coefficients.

This approach enables the dynamic adjustment of the influence of each modality during training or inference,
which is particularly important in cases where one modality dominates in terms of information value, thereby ensuring
a balance between data sources and preventing any one modality from dominating over others.

Summarizing the various approaches to optimizing multimodal models, it is advisable to use an integrated
loss function that combines classification accuracy and the alignment of features from different modalities in a shared
space. Such a loss function is given by the formula (see formula 9) [13]:

Lembedding =Leg+1- Lalign» 9

where L¢g — cross-entropy 1oss, Lyjign — alignment loss, which estimates how well the features of different

modalities align in the shared embedding space, A — weighting coefficient that balances the contribution of alignment
and classification accuracy to the overall loss function.

Small values A lead to the dominance of cross-entropy loss and, accordingly, to weak intermodal consistency,
while excessively large values reduce the discriminative power of the classifier by reorienting the optimization
towards geometric alignment of features.

The optimal value A is defined as the one that ensures stable growth of generalization metrics on the validation
set without degrading classification accuracy. In the experiments conducted, the selection 4 was made taking into
account the criterion of balance between the F1-score and the amount of alignment loss, which allowed us to achieve
a consistent representation of modalities while maintaining high classification quality.

The selection of A value 4 = 0.3 is justified by empirical analysis on the validation set, which showed that
this value provides the optimal balance between cross-entropy loss and intermodal alignment loss. At lower values A
insufficient alignment of features of different modalities in the common embedding space was observed, while
increasing the value above 0.3 led to a gradual decrease in the F1-score due to the loss of the classifier's discriminatory
power.

This research proposes a hybrid model of multimodal integration that combines early and late fusion
approaches with contrastive optimization and automated NAS architecture search. The model enables the formation
of a common latent space of representations for heterogeneous modalities, while preserving the specificity of each
subnetwork, thereby supporting the simultaneous adaptive balancing of the contributions of individual modalities.
The use of a contrastive loss function allows the model to form semantically consistent feature vectors, where similar
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objects are brought closer together, and heterogeneous ones are moved further apart, increasing the accuracy of
integration. Computational efficiency is achieved by combining pruning, quantization, and knowledge distillation,
which reduces memory and computation without significant performance loss. Thanks to this comprehensive
optimization, the model provides high-precision multimodal integration, effective feature alignment, and scalability
on large and heterogeneous datasets.

Datasets.

To evaluate the performance of multimodal models, two datasets were selected that represent different
aspects of complex signal processing, allowing for the assessment of the effectiveness of integrating heterogeneous
information sources. The BDD100K and CMU-MOSEI datasets were selected for experimental testing of multimodal
architectures due to their representativeness and heterogeneity of modalities. BDD100K is characterized by a large
amount of visual data for autonomous navigation tasks in various realistic conditions, which allows evaluating the
stability of models to variability and noise. CMU-MOSEI encompasses audio, text, and visual modalities for emotion
classification, rendering it suitable for evaluating models' ability to integrate heterogeneous information and form
coherent representations. Together, these datasets cover key aspects of multimodal learning and allow for comparing
the effectiveness of architectures in terms of accuracy, energy efficiency, and scalability flexibility.

The BDD100K dataset [14] is one of the largest publicly available datasets for research in the field of
autonomous driving, comprising 100,000 video clips of road scenes with a total duration exceeding 1,600 hours. The
structure of the set is supplemented by a large number of annotations, containing over 2,000,000 labelled objects,
including cars, pedestrians, cyclists, road signs, traffic lights, and other elements of urban infrastructure. In addition,
the dataset contains more than 100,000 labelled lanes and a similar number of road scenario records describing various
types of behavioral situations, such as crossing intersections, changing lanes, braking, or stopping. The video clips
encompass a diverse range of outdoor conditions, featuring tens of thousands of daytime and nighttime scenes, as well
as thousands of clips captured in rain or fog. This provides realistic variability in the road environment, allowing the
model's robustness to changes in lighting and weather conditions to be assessed. Thanks to this structure, BDD100K
is optimal for this study, as it enables us to evaluate the ability of a multimodal model to recognize different types of
objects, classify road situations, and analyze behavioral patterns in the dynamic conditions of autonomous navigation.

The CMU-MOSEI dataset [15] comprises 23,453 video clips from interviews, totaling over 65 hours in
duration, each accompanied by annotations of six emotional states: joy, sadness, anger, fear, disgust, and surprise.
Each sample in this dataset is a complete multimodal structure, as it contains synchronized video data, audio
recordings and text transcripts. The video modality contains approximately 2,300,000 frames, based on which key
facial points have been identified for facial expression analysis. The audio modality covers over 65 hours of recordings
containing information about intonation, timbre, pauses, and other prosodic characteristics of speech. The text
transmission comprises over 300,000 sentences, which collectively contain approximately 2.5 million tokens,
reflecting both the content of the statements and the linguistic characteristics of the speakers.

Data Preprocessing

Pre-processing was performed on the specified datasets.

The following standardization steps were applied to the video data:

1. All frames were converted to a uniform resolution of 224x224 pixels, which is compatible with the 3D-
CNN architecture and pre-trained visual encoders, thus avoiding distortions during convolutional folding.

2. The length of video clips for each fragment was standardized to a fixed number of frames: for BDD100K,
30 frames per fragment, which corresponds to approximately 1 second of video at 30 FPS, and for CMU-MOSETI, 40
frames per sample, in order to preserve sufficient context for the analysis of facial expressions and emotional
manifestations. This standardization ensures the correct batching of data and optimal performance of recurrent and
transformer modules. Pixel values are normalized to the range [0,1], which avoids shifts due to different lighting
conditions, weather conditions or color intensity in road scenes.

For text data, tokenization was applied using byte-pair encoding (BPE). Each utterance was broken down
into subworlds, which allows rare or unknown words to be processed efficiently and reduces the size of the vocabulary
without losing semantic information. For the CMU-MOSEI dataset, token timestamps were also preserved for
synchronization with audio and video data, enabling transformer encoders to account for the temporal dependence
between modalities. As a result, each text fragment was represented as a tensor array of indices, ready for input into
the model.

The audio data was converted to a Mel-spectrogram [16], allowing the model to efficiently process the
frequency and temporal characteristics of the sound.

For the BDD100K dataset, audio signals are virtually absent. To enable the model to learn correlations
between motion, environmental noise, and audio-like features, synthetic motion and noise spectrograms were
generated. The procedure involved three steps: extraction of vehicle motion parameters (speed, acceleration, and turn
rate) and environmental signals from the dataset metadata or simulation logs,transformation of these parameters into
time-varying sinusoidal waveforms modulated with stochastic Gaussian noise to emulate sensor and environmental
variability, and conversion of these waveforms into Mel-spectrograms using the same 16 kHz sampling rate and 128
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filter banks as used for real audio in CMU-MOSEI. This process produces spectrograms that reflect the temporal
dynamics of motion and ambient noise, allowing the network to learn cross-modal patterns without relying on recorded
audio.

For the CMU-MOSETI dataset, the audio was converted to a sampling rate of 16 kHz, divided into 25-ms
windows with a 10-ms step, and then converted to a Mel-spectrogram with 128 filters. This preserves intonation and
prosody information, which is critical for emotion classification. For further training, the spectrograms were
normalized and converted to a tensor format (frequency X time x channels) compatible with 2D and 3D convolutional
layers.

At the final pre-processing stage, all modalities, including video, audio, and text, were converted to a single
tensor format optimized for transformer and cross-modal encoders. For each sample, the time intervals between video,
audio, and text were properly aligned, which allowed the model to accurately combine information from the different
channels.

The diagram of the proposed multimodal model with a temporal memory and attention mechanism is shown

in Fig. 1.
/

Delta-memory Attention Network

System of LSTMs /

t—1 t t+1 t+2 t+3 t+4

Fig. 1. Diagram of the proposed multimodal model with a temporal memory and attention mechanism

The architecture of the model is built upon a system of LSTM networks, enhanced with specialized
mechanisms for processing multimodal time series. At its core lies the Delta-memory Attention Network, which
captures the previous memory state between time steps ¢t — 1 and ¢, denoted as a.[;_q ). This attention mechanism
evaluates the significance of temporal changes in the input data, selectively focusing on the most critical signals for
the current processing step. Such a design enables the model to efficiently leverage historical information while
emphasizing the most relevant variations in the time series.

Formally, the memory update mechanism of the Delta-memory Attention Network can be represented as a
sequence of operations. Let x; denote the multimodal input vector at time step t, and M;_; denote the memory state
obtained at the previous time step. First, the temporal difference between the current input and the historical memory
is estimated as (see formula 10):

Ar=x; — M;_,4. (10)

This difference vector reflects the magnitude of change in the observed signals. Based on this variation, an
attention coefficient is computed to determine the importance of the update (see formula 11):

a; = o(W, Ay + by), (11
where w, and b, are trainable parameters and o(+)
is the sigmoid activation function. The attention coefficient a;
controls the degree to which the current information should influence the memory update.

The new memory state is then computed as a weighted combination of the previous memory and the candidate
memory representation produced by the LSTM unit (see formula 12):

M, = a,OM; — (1 — a,)OM,_, (12)
where M, denotes the candidate memory produced by the LSTM cell and © represents element-wise
multiplication.

In addition, the system incorporates a Multi-view Gated Memory, which processes multiple “views” or
modalities of data, denoted as D,,; and D,,, in parallel. Each view maintains its own dedicated memory, regulated by
a gating mechanism that controls the flow of information within individual channels. This arrangement allows the
model to integrate heterogeneous data sources, such as video, audio, or sensor signals, while also incorporating
potential external control inputs u, that may influence the current state processing. The parameter T serves to define
a temporal interval or delay considered during the information transfer between time steps.
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The network is composed of a series of LSTM blocks, represented by €, C¢, Cr and C;, corresponding to
different LSTM components, including input, forget, cell, and output gates. These blocks are arranged sequentially
from t — 1 to t + 4 allowing the model to process temporal windows and account for dependencies across time. At
each step, the LSTM receives multidimensional inputs Y;, Y, and u,, while the attention mechanism determines which
parts of the previous memory should be activated for the current step.

The complete processing procedure for a single time step can therefore be summarized as follows:

1. Receive multimodal inputs xt(k) and previous memory states Mt(’_(?l;

2. Compute temporal difference A; and attention weights a;

3. Process each modality through its gated memory channel.

4. Update the LSTM internal states and generate candidate memory representations;

5. Combine the candidate and historical memories using the attention-controlled update rule.

The gated multi-view memory consolidates information across different data modalities, enabling the
formation of a coherent multimodal representation. Memory states are propagated through the LSTM across time
steps, ensuring the preservation of long-term dependencies. The system outputs an activated memory representation
D, along with modality-specific and control representations, denoted as D,,;, D, and D,,, which can subsequently be
employed for classification or prediction tasks. In this way, the architecture effectively processes multimodal time
series while capturing both short-term and long-term temporal dynamics.

Experiments and Results

Computational experiments were conducted in accordance with the following stages.

Stage 1. The distribution of road object classes, shooting conditions, and time of day was checked in
BDDI100K, and emotional classes were checked in CMU-MOSEI (Fig. 2). The results showed relative uniformity of
the main categories, but in BDD100K, some object classes, such as cyclists and road signs, occur much less frequently,
and some frames are blurred or contain partially obscured objects, which reduces the quality of the training data. In
CMU-MOSE]I, there is an imbalance between emotional classes, especially for rare categories, and the synchronization

between video, audio, and text can be disrupted due to varying segment lengths.
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Fig. 2. Class imbalance for the BDD100K and CMU-MOSEI datasets

To solve these problems, a weighted cross-entropy loss function is used, which compensates for the

underrepresentation of some classes (see formula 13) [17]:
Lyeighted = — 21 WiYi l0g(F), w; = NCL,\;;:] (13)
where C — total number of classes, y; — true label of class i, y; — predicted probability of class i, N; — number
of examples of class i, Niotq — total number of examples in the dataset, w; — weight coefficient of class i.

Stage 2. A unified multimodal model architecture was applied to both datasets. Video sequences were
processed using 3D convolutional blocks to extract spatio-temporal features, and a recurrent module (LSTM) took
into account the context of events or emotional states. For CMU-MOSEI, text and audio modalities were integrated
through transformer encoders, enabling the effective combination of information from synchronized modalities.

Training was performed over 20 epochs with an adaptive learning rate schedule, and weighted cross-entropy
was selected as the loss function to compensate for class imbalance. Data standardization and normalization were
applied to all modalities, ensuring stable model convergence and preventing overfitting.

The key accuracy metric and F1-score for both datasets after training completion are shown in Table 3.

To assess the statistical significance of observed improvements, all performance metrics reported in Tables
2 and 3 were supplemented with 95% confidence intervals calculated using bootstrap resampling (1000 repetitions)
and validated using paired t-tests. For instance, the proposed model’s overall Accuracy on BDD100K (0.953) has a
95% CI 0f [0.950, 0.956], while CMU-MOSEI Accuracy (0.956) has a 95% CI of [0.952, 0.960], confirming that the
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improvements over classical methods are statistically significant (p < 0.01). Similar confidence intervals were
obtained for F1, Precision, Recall, and ROC metrics.

Table 3
Class-oriented evaluation of the effectiveness of a multimodal model for autonomous navigation and
emotional classification tasks

Dataset Class / Category Accuracy Fl-score
Cars 0.969 0.947
Pedestrians 0.953 0.955
Cyclists 0.958 0.947
BDD100K Road signs 0.945 0.959
Trucks 0.947 0.949
Motorcycles 0.955 0.941
Happy 0.965 0.965
Sad 0.969 0.961
Angry 0.953 0.967
CMU-MOSEI Fear 0.958 0.955
Disgust 0.945 0.965
Surprise 0.947 0.958
Neutral 0.955 0.969

Stage 3. An overall performance assessment of the models was obtained by constructing ROC curves for
both datasets, which enabled a quantitative evaluation of the models' classification capabilities across different
thresholds. The ROC curve illustrates the relationship between sensitivity and the proportion of false positive
decisions as the classification threshold varies, allowing for a comprehensive evaluation of the model's balance
between precision and recall.

For the BDD100OK dataset, this curve reflects the model's ability to accurately distinguish complex traffic
situations, including the presence or absence of critical objects such as pedestrians, vehicles, or other potentially
hazardous elements, which is essential for the safe operation of autonomous systems. For the CMU-MOSEI dataset,
the ROC curve allows the evaluation of the model's effectiveness in correctly classifying emotional states, such as
happiness, sadness, or anger, while simultaneously integrating signals from three different modalities, including audio,
video, and text, demonstrating the system's ability to perform comprehensive multimodal information alignment.

Analyses of misclassifications were performed to identify the limitations of the proposed model. For
BDDI100K, misclassification predominantly occurred under adverse weather conditions such as heavy rain or fog,
where occlusion or motion blur degraded visual features. In these cases, vehicles and pedestrians were occasionally
confused, particularly at long distances or under poor lighting. For CMU-MOSEI, errors were mostly observed in
subtle emotional states, e.g., discriminating between “fear” and “surprise” when facial expressions were minimal or
partially obscured by gestures. These failure cases illustrate the boundaries of the current model and highlight the
importance of high-quality and diverse training data for robust generalization.

Combining ROC curves enabled a clearer and thorough comparison of the effectiveness of multimodal
models across different tasks. The Area Under the Curve (AUC) is used as a key measure of classification quality.
The closer the AUC value is to 1, the more accurately the model can separate classes even in the presence of significant
data imbalance. In the combined graph shown in Figure 4, the proposed model for BDD100K achieves a high AUC
value of 0.947, indicating consistently high classification accuracy in traffic scenes and reliable recognition of critical
objects. For CMU-MOSEI, the developed model demonstrates significantly improved results with an Accuracy of
0.956 and an F1-score of 0.969, which substantially exceeds the performance of the classical method [18] with an
Accuracy of 0.843 and an F1-score of 0.844. This clearly confirms the high effectiveness of the proposed approach
for integrating different modalities and highlights the importance of fine-tuning weights during the aggregation of
heterogeneous data.

The classical method, in turn, represents a basic multimodal fusion model that lacks weight optimization and
multi-level aggregation, where information from different modalities is combined at an early or intermediate stage
without considering the individual contributions of each modality. This limits its ability to accurately match signals
and reduces its effectiveness in complex scenarios with heterogeneous data. The results obtained in this study
demonstrate that multi-level aggregation and optimization of the contribution of each modality are critical for
improving the performance of multimodal models in real-world tasks.

Visually, the ROC curves of the models significantly exceed the random classification line, which is chosen
as a benchmark because it reflects the performance of the model when classes are selected at random. Exceeding this
line indicates that the model is capable of consistently separating classes even with data imbalance, confirming a high
level of accuracy and reliability in classification tasks (Fig. 3).
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Fig. 3. Comparison of model accuracy based on ROC curves for the BDD100K and CMU-MOSEI datasets

In the context of this study, the term “classical method” refers to a baseline multimodal architecture that
employs simple feature concatenation of modality-specific representations without any attention mechanisms, cross-
modal fusion layers, or contrastive optimization. Each modality is independently encoded and concatenated into a
single vector, which is then passed through a standard feedforward classifier. This baseline serves as a scientifically
grounded reference for evaluating the added value of the proposed hybrid architecture.

For a more detailed and substantiated comparative analysis of the developed and researched models,
additional calculations of Micro F1, Macro F1, and Weighted F1 metrics were performed.

A comparison of all performance metrics for the proposed approach with those of classical methods and
existing research results [19] for both datasets is presented in Table 4.

Table 4
Comparative analysis of performance metrics of the studied multimodal models on the BDD100K and CMU-
MOSEI datasets

BDD100K —
Multimodal | “MUMOSEL=) - oy vogpr— | BpD10OOK - | eMmU- CMU-
. . Multimodal : . BDDI100K — MOSEI -
Metric Fusion . (classical (classical MOSEI -
(proposed Fusion (proposed method) method) (SOTA) (SOTA) AutoML
P model) (B-T4SA)
model)
Accuracy 0.953 0.956 0.843 0.890 0.928 0.947 0.9519
Precision 0.959 0.967 0.831 0.887 0.930 0.949 0.952
Recall 0.962 0.971 0.857 0.895 0.926 0.945 0.950
F1-score 0.956 0.969 0.844 0.892 0.928 0.947 0.952
ROC 0.947 0.968 0.891 0.901 0.952 0.958 0.952
Micro F1 0.953 0.956 0.843 0.890 0.928 0.947 0.951
Macro F1 0.949 0.962 0.836 0.884 0.924 0.942 0.949
Weighted F1 0.955 0.968 0.842 0.889 0.927 0.946 0.951

Experimental results demonstrate the high efficiency of the proposed multimodal architectures in
heterogeneous data integration tasks. The models exhibit stable classification accuracy across diverse scenarios and
effectively adapt to signal variability, even when input data are complex or ambiguous. Compared to classical methods
based on simple feature concatenation, the proposed approach consistently achieves superior performance across all
metrics, confirming the effectiveness of attention-based fusion, contrastive optimization, and cross-modal
representation learning.

Comparative analysis in Table 3, supplemented by Micro, Macro, and Weighted F1 metrics with confidence
intervals, demonstrates that the proposed model significantly outperforms the classical baseline and achieves
comparable or superior performance to SOTA methods. These statistical analyses confirm that the improvements are
unlikely to be due to chance, supporting the robustness of attention-based fusion, contrastive optimization, and multi-
level cross-modal representation learning.

Discussions

The obtained results confirm that the proposed multimodal architecture effectively integrates heterogeneous
modalities and provides higher classification performance compared with baseline approaches on both the BDD100K
and CMU-MOSEI datasets. The combination of temporal memory and attention mechanisms enables the model to
capture contextual dependencies between modalities, which improves the stability of predictions in complex
classification tasks. At the same time, the analysis of misclassified samples revealed several typical failure scenarios.
In the BDD100K dataset, errors most frequently occur in nighttime scenes with strong headlight reflections, during
heavy rain or fog, and in situations where pedestrians or cyclists are partially occluded by vehicles, which leads to
their incorrect classification as background objects. In the CMU-MOSEI dataset, misclassifications mainly appear in
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segments containing sarcasm or mixed emotions, where the textual sentiment contradicts facial expressions or acoustic
cues. In addition, background noise in the audio channel and low-quality facial recordings reduce the reliability of
modality features and may shift the attention mechanism toward less informative signals. These results indicate that
the proposed approach remains sensitive to noisy or contradictory multimodal inputs, which defines the practical
boundaries of its applicability.

Conclusions, limitations, and future work

This research provides a comparative analysis of the effectiveness of multimodal models and develops a
multimodal model that utilizes the mechanisms of temporal memory and attention. Experiments were conducted on
two heterogeneous datasets, BDD100K and CMU-MOSEI, which allowed for a comprehensive assessment of the
proposed architecture's ability to integrate visual, auditory, and textual signals in classification tasks. To ensure the
correctness of the experimental studies, a unified data preprocessing procedure was applied, which included
normalizing input representations, aligning the temporal and spatial characteristics of modalities, and mitigating the
impact of class imbalance.

On the BDD100K dataset, the proposed multimodal model achieved the following performance metrics:
Accuracy 0.953, Precision 0.959, Recall 0.962, F1-score 0.956, and ROC-AUC 0.947. The integral metrics also
confirmed its superiority over baseline and SOTA methods, with Micro F1 =0.953, Macro F1 = 0.949, and Weighted
F1 =0.955. These results indicate a stable and consistent advantage of the proposed approach in autonomous driving
scenarios.

On the CMU-MOSEI dataset, the model demonstrated even higher classification consistency, achieving
Accuracy 0.956, Precision 0.967, Recall 0.971, F1-score 0.969, and ROC-AUC 0.968. In comparison, the classical
baseline achieved an Accuracy of 0.843 and an F1-score of 0.844. Integral metrics, Micro F1 = 0.956, Macro F1 =
0.962, and Weighted F1 = 0.968, further underscore the effectiveness of multimodal integration across all emotion
classes, including those with low representation. Compared to SOTA results, the proposed model matches or surpasses
the best reported performance (F1-score 0.969 vs. 0.928; Recall 0.971 vs. 0.926), demonstrating robust reconciliation
of heterogeneous data across domains.

Overall, the proposed multimodal architecture achieves balanced classification across domain classes,
exhibiting high accuracy, consistency, and robustness to data imbalance. The average accuracy across both datasets
was 0.955, with an overall F1-score of 0.963, highlighting its capability for generalized multimodal integration.

At the same time, it is worth noting that the effectiveness of the models is largely determined by the volume
and quality of the prepared data, and the high computational complexity limits their real-time application on devices
with limited resources. In addition, there are the following limitations to the results obtained: first, experiments on a
larger number of datasets and with a larger number of domains are needed to justify the universality of the proposed
model; second, the method used to balance classes in domains requires further justification (formalization), for
example, the use of augmentation to create synthetic data for sparse domain classes.

Future research should focus on developing computationally optimized multimodal architectures, enhancing
robustness to noise and incomplete data, and incorporating additional sensory modalities. These directions aim to
further improve predictive accuracy and reliability in practical applications, particularly for real-time and resource-
constrained environments.
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Cepriit MIHY XTH

XapKiBChKMH HAIiOHAIBHHUI YHIBEPCHTET PajlioeNeKTPOHIKI

XapkiBChbKHI HalllOHANbHUN eKoHOMIuHMI yHiBepcuTeT iM. C.Ky3Hens

Banepiit PY IO

XapKiBChKMI HAIiOHAIBHUI YHIBEPCHTET PajliOeNeKTPOHIKI

PO3POBJIEHHS TA JOCJIKEHHS MYJbTUMOJIAJIBHUX HEMPOHHUX
APXITEKTYP JIJIS1 PI3BHOPIJJTHUX HE3BAJTAHCOBAHUX JAHUX Y 3AJTIAYAX
KJTACU®PIKAIII

Y cTarTi npoBeEHO KOMIIEKCHE AOC/MKEHHS CyHYaCHUX MYyJ/IbTUMOAA/IbHUX HEVPOHHUX aPXITEKTYp A8 IHTerpauii
PIBHOPIAHUX | YACTKOBO HE36a/IAHCOBAHNX AaHNX Y 3ahajvax Kaacuikauii. PO3I/ISHyTO Migxoam paHHbOI Ta nisHboi @ 1o3ij, ribpugHi
apXITeKTYPH 3 KPOC-MOAG/IbHOIO YBAroro 1a TPaHCHOPMEPH, LLYO AO3BOJISIOTE POPMYBaTH Y3rOAKEHS SIGTEHTHI IPOCTOPH Bi3ya/IbHIX,
aygianbHux [ TekcToBux 03Hak. OCobsmMBY yBary npuaiiieHo KOHTPACTUBHOMY HasyarHio (CLIP-riogibHi rigxoaw, MyJibTuMogaribHi
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InfoNCE), ske 3abe3riedye CeMaHTU4Hy V3rOfXKEHICTb [PEeACTaB/IeHb Ta [4BULYYE TOYHICTb Kaacu@ikayii npu HassBHOCTI
HEPIBHOMIPHOro po3rogifly AaHnX [ PiAKICHUX KaciB. 3arnporioHOBaHO MOAE/b, O OEAHYE PaHHIO Ta Mi3HIO @ro3ilo 3 Kpoc-
MOABE/IbHOK YBAIroK 1@ KOHTPACTUBHUM HABYAHHSIM /151 POPMYBAHHS Y3rOLXKEHOro Cril/IbHOro JIaTeHTHOro npocTopy. O3Haku KOXHOI
MOAA/TIbHOCTI 0BPO6/ISIOTLCS CrIELIA/IB0BaHNMI EHKOAEPaMY, 3 3/UTTS 34IMCHIOETECS 3 aAarTUBHUM 3BaXyBaHHSM, YO MiHIMI3yE
BIIMB NCOAIaHCY PI3HOPIAHUX AaHnX [ JO3BOJISE EPEKTUBHO OOPO6ISTH CUrHA/M PI3HOI pupoan 1a IHTEHCUBHOCTI, BUKOPUCTAHHS
MPYHIHrY, KBaHTM3auii 1a knowledge distillation 403800 3HU3NTH OOYNCITIIOBA/IbHI BUTPATH 6€3 BTPaTH TOYHOCTI, 3a6€3reqyoqu
CTablibHy poboTy MOAENI y peasibHuX OTOKOBUX CLEHAPISX 3 0bMexeHumn pecypcamu. OTPUMAHO Pe3y/ibTati BUKOPUCTAHHS
3arporioHoBaHoi Mogesi Ha garacerax BDD100K ta CMU-MOSEL ski riigTBEDANIM BUCOKY €QDEKTUBHICTL MOAESI py 06po6/IeHHS
PIBHOPAHNX Ta He36araHcoBaHnx ganmx. s BDD100K gocsarHyTo Accuracy 0.953, F1-score 0.956, ROC-AUC 0.947, a iHTerpasibHi
rnokasHuku Micro F1, Macro F1 ta Weighted F1 cknanm 0.953, 0.949 1a 0.955 sigriosiaHo,; 419 CMU-MOSEI Accuracy 0.956, F1-score
0.969, ROC-AUC 0.968 ta iHTerpasbHi nokasHuku Micro F1, Macro F1 | Weighted F1 — 0.956, 0.962 1a 0.968 BigriosigHo.
[TOPIBHA/IbHMY aHA/I3 I3 KIIACUYHUMU TTIAX0AaMN KOHKATEHALYi O3HaK, CyYaCHUMM MOLETSIMI MyJlbTUMOAE/IbHOIrO 06 €4HAHHS AaHNX
piBHS State-of-the-Art (SOTA), a Takox pilueHHSIMN Ha OCHOBI AutoML rokasas, WO 3arpOrOHOBAHAa apXiTeKTypa CTabi/lbHO
1EPEBEPILLIYE ICHYIOYI METOAN. 30KPEMA, MOAE/TH MIABLLYE TOYHICTb KIacUikaLlli mpmbmsHo Ha 2—4 % ropiBHSHO 3 cydYacHumm SOTA-
apxiTekTypamu 1a 3abesreqye 6i/ibly CTabIIbHI 3HAYEHHS F1-Mipy f15 MIHOpUTapHUX KAACIB. [TopiBHAHHS 3 AutoML-opieHToBaHuM
@pevimopkom B-T4SA Takox rMIATBEDIKYE HAAMIHICTL 3aIMPOMNOHOBAHOMO miaxody. OTpuMaHi pesy/ibTatv JEMOHCTDYIOTb, L0
PO3p0o6rieHa MOAEb 3abE3EHYE BULLY Y3rOMKEHICTb KAacU@IKaUii K /1S MOWMpeHnX, TaK | /19 PIGKICHUX KIaciB B yMOBax
06pO6/IEHHS FETEPOreHHNX Ta HE36a/1aHCOBaHNX AaHMX.

Kimo4oBi ¢/10Ba.; MyJIbTUMOAA/IbHI AaH], KPOC-MOAE/IbHA YBara, KOHTPAaCTUBHE HAaBYaHHS, ANCTWISLIS 3HAHb, [PYHIHI,
KBaHTU3aLis, Kacu@iKaLis EMOLIV], aBTOHOMHA HABIraLlls.
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