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Abstract

Human Action Recognition (HAR) is an important subfield of computer vision that has been
motivated by its broad application in intelligent surveillance, human health, athletics, and human-
computer interaction. Although enormous improvements have been achieved based on convolutional
and recurrent neural networks, in current methods, it is frequently not practical to grasp long-range
temporal structure and intricate spatio-temporal connections in video data. This paper will solve these
shortcomings by making suggestions of a Multi-Attention Transformer Framework to ensure
effective and powerful human action recognition.

The given model combines several types of attention mechanisms, i.e., spatial attention, temporal
attention, and channel attention, with the help of a transformer-based model to learn better represent
features and consider global contextual dependencies. The hybrid approach to feature extraction is
used, which involves the use of both convolutional layers to produce an encoding of the local spatial
feature and transformer encoders to produce a long-range coding of the temporal feature. The
framework is geared to efficiently deal with issues including occlusions, variations in viewpoints, and
intricate movements.

The performance of the proposed approach is experimentally assessed on benchmark datasets, and it
is shown to be superior to the traditional CNN-based, RNN-based, and standard transformer models
in terms of accuracy, precision, and computation efficiency. Multi-attention modules offer great gains
to the discriminative strength of the model, without introducing new challenges to scaling the model
to real-world situations.

The results demonstrate the usefulness of multi-attention transformer architectures to state-of-the-art
in human action recognition. The suggested framework would lead to the creation of more advanced
and resilient systems of HAR, which would be a step toward further studies in multimodal and real-
time action recognition.

Keywords: Human Action Recognition, Multi-Attention Transformer, Deep Learning, Spatio-
Temporal Features, Self-Attention Mechanism, Video Analysis, Multimodal Fusion, Computer
Vision

1. Background of Human Action Recognition

Human Action Recognition is an automatic recognition and categorisation of human activities based
on visual data, sensor input, or multimedia data. It possesses extensive applications in different fields.
HAR finds application in surveillance systems in real-time environments in detecting anomalies,
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monitoring crowds, and identifying threats. High-tech transformer-based designs have shown great
enhancements in the analysis of complex surveillance conditions (Khan et al., 2024).

HAR is an important aspect in the healthcare industry in patient monitoring, fall detection, and
rehabilitation tracking. Attention-based transformer models have been used in wearable models to
enhance the accuracy of activity recognition, especially in real-time monitoring (Samoon et al., 2025).
HAR is used in sports analytics to provide an in-depth analysis of motion and performance evaluation
to support strategy development by athletes and coaches. Likewise, HAR supports gesture recognition
and immersive user experiences in human-computer interaction (HCI).

The history behind the development of the HAR techniques has seen the application of traditional
feature-based (handcrafted) models in the past, then the emergence of deep learning-based models,
and most recently, transformer-based models. The initial approaches used had manual feature
extraction methods, which were not very robust in the real world. Deep learning, like CNNs and
RNNs, performed better but had no capabilities of capturing longer-range dependencies.
Transformer-based models, including Action Transformer (Mazzia et al., 2021) and STAR-
Transformer (Ahn et al., 2022), have overcome these drawbacks by utilizing self-attention to model
worldwide context in an effective manner.

1.1 Problem Statement

Although tremendous progress has been made, there are still a number of challenges in Human Action
Recognition systems.

Temporal dependency modeling is one of the biggest problems. Human behaviours are dynamic in
nature and need models in order to record long-term relationships. Vanishing gradients and lack of
memory are the problems that can affect the performance of traditional sequential models like LSTMs
due to their limited memory capacity.

Spatial feature extraction is another issue since human activities deal with intricate spatial movements
like body posture, object contact, and the surrounding environment. Although CNNss are able to obtain
local spatial features, they usually do not succeed in obtaining global spatial relationships.
Background complexity and occlusion also make the task of recognition more complicated. In real-
life situations, the body of the human being might be hidden, and models cannot classify actions
correctly.

Moreover, there is also a problem of an unequal viewpoint that can be presented differently with the
help of different camera angles. Such variability decreases the power of models in generalization.
Transformer-based approaches have been tried in recent studies to solve these issues. As an example,
Wu et al. (2024) introduced a multiview spatio-temporal feature fusion model, which can address
differences in viewpoints, and Liu et al. (2022) came up with a graph transformer network that
incorporates temporal kernel attention and is intended to enhance skeleton-based action recognition.
1.2 Motivation

This study was motivated by the fact that the conventional methods of deep learning, specifically
CNN and LSTM-based models, have limitations. CNNs are useful in deriving space features but fail
to derive temporal relationships between successive frames. On the other hand, LSTMs have
sequential data, but long-range dependencies and inefficiency in calculations.

The hybrid CNN-LSTM models strive to unite spatial and temporal learning, but they still do not
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have effective means of capturing relationships in the global context and processing complex video
data.

Transformer-based structures offer a viable alternative as they allow one to model global attention
with self-attention structures. Transformers (as opposed to sequential models) make parallel
computation possible, and they are able to capture long-range dependencies in an effective way. The
research by Lu et al. (2025) and Pareek et al. (2024) proves the relevance of the attention-based
transformer models in enhancing the feature representation and execution efficiency.

Moreover, combining the multi-attention processes, such as spatial, temporal, and channel attention,
has been demonstrated to have a huge capacity to improve the performance of the model. Liu et al.
(2025) came up with a hybrid system that combines both 3D conv O1-conv O2) with multi-attention
transformers, which yields a higher recognition accuracy. On the same note, Al-Tawil et al. (2025)
noted that the use of multi-head attention is effective in improving feature extraction.

2. Objectives of the Study

The main goal of this work is the development of a Human Action Recognition model with the help
of a multi-attention transformer framework. The targeted objectives are the following:

o To develop a transformer-based architecture that is going to support several attention
mechanisms.

o To improve the representation of spatio-temporal features employing multi-attention modules.
o To enhance the accuracy of recognition in complicated and dynamic environments.

o To minimize computation and, at the same time, achieve high performance.

o To compare the suggested model with the current state-of-the-art methodologies.

3. Research Questions / Hypothesis.

The research questions that may guide this study are as follows:

o Does Multi-attention mechanism integration enhance the feature representation in Human

Action Recognition?

J Question: Does transformer-based architecture yield better performance on the tasks of HAR

in comparison to traditional CNN and LSTM-based ones?

J To what extent will the proposed model be able to cope with issues like occlusion, viewpoint

change, and complicated motion patterns?

Hypothesis

o H1: Multi-attention transformer models have substantial positive effects on human action

recognition results as compared to conventional models.

o H2: Transformer-based architectures can be used better to learn spatio-temporal features than

CNN-LSTM designs.

4. Literature Review

4.1 Conventional methods of HAR.

Hou et al. (2021) discussed early methods of human action recognition, which mostly relied on

manual methods of feature extraction, like Histogram of Oriented Gradients (HOG), Scale-Invariant

Feature Transform (SIFT), and optical flow. These techniques are aimed at capabilities of capturing

the local motion and appearance features of video sequences. Although successful in controlled

conditions, these methods were not robust in natural settings as they could not be extended to other
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conditions in terms of lighting, background, and point of view.

It was noted that the conventional handmade methods showed limitations, especially in the
representation of complex spatio-temporal relationships (Wu et al., 2024). The article has highlighted
that these techniques do not measure worldwide dependencies between frames that are instrumental
in identifying human dynamic actions. This weakness caused the slow transition to deep learning-
based methods, which are able to learn hierarchical feature representations automatically.

4.2 Deep Learning-Based HAR

The study by Liu et al. (2025) showed that deep learning models and convolutional neural
networksworks (CNNs) in particular proved to be effective in enhancing the spatial feature extraction
of HAR tasks. The ability of the model to include 3D convolutional layers enabled it to capture both
short-term and spatial features. Nevertheless, the article has observed that CNN-based methods
continue to exhibit difficulties in long-range temporal correlation.

Yi et al. (2025) investigated multimodal deep learning models to work with both visual and sensor-
based data, including camera and millimeter-wave radar. Their result indicated that multimodal fusion
greatly enhances recognition accuracy, particularly in complex environments. However, the research
has identified the computational limitations that are involved in combining various data sets.
Samoon et al. (2025) concentrated on wearable sensor-based HAR systems based on deep learning
models, particularly on the application of recurrent neural networks (RNNs) and LSTM architectures
to model temporal sequences. Although these models can be easily used to model sequential
dependencies, they have weaknesses that include vanishing gradients and scalability.

Pareek et al. (2024) evaluated the transformer-inspired deep learning models and compared them to
the conventional CNN-LSTM. The paper has come to the conclusion that, despite their enhanced
performance compared to the traditional approaches, CNN-LSTM frameworks are still constrained
in terms of their capabilities to capture the global contextual relationships because of their sequential
nature of processing.

4.3 Transformer-Based Vision Models

Mazzia et al. (2021) proposed the Action Transformer, a self-attention-based model, which is used in
recognizing human actions in the short term. The paper has shown that the transformer versions are
superior to the conventional ones as they effectively learn the temporal dependence using self-
attention mechanisms, thus being in a position to better represent motion patterns.

Ahn et al. (2022) came up with STAR-Transformer, a model combining spatio-temporal cross-
attention mechanisms to improve feature representation. The model was able to capture spatial and
temporal dependencies, which was a problem with the previous deep learning methods.

The study conducted by Lu et al. (2025) introduced a mixed attention and channel shift transformer
model that could help to enhance computational efficiency while still maintaining high accuracy. The
paper has shown that optimized transformer-based architectures have the potential to significantly
lower computational overhead without impacting performance.

A global-to-local motion transformer framework of unsupervised action learning was presented by
Kim et al. (2024). Their contribution noted the capability of the transformers to represent hierarchical
patterns of motions and the supply of their usefulness in HAR activities.
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4.4 Attention Mechanisms in HAR

Al-Tawil et al. (2025) suggested a multi-head attention-based framework with residual networks to
be used in HAR. The paper highlighted that multi-head attention improves feature discrimination in
that the model can consider several features of the input at the same time.

The graph transformer network with temporal kernel attention presented by Liu et al. (2022) is a
skeleton-based action recognition system. Their methodology showed that attention mechanisms are
good at capturing relationships between joints over time that enhance recognition accuracy.

The vision transformer-based bilinear pooling and attention network presented by Sun et al. (2023)
is a fusion between RGB and skeleton features. The research indicated the relevance of coordinating
spatial and time-based attention mechanisms in order to increase the multimodal feature
representation.

Khan et al. (2024) presented a hybrid attention transformer for drone-based surveillance by
combining spatial and temporal attention in addressing the complex real-world conditions, including
occlusion and dynamic backgrounds.

Pramanik et al. (2023) designed a reverse attention network that deployed a transformer architecture
when it comes to multi-sensory HAR. They found that attention processes enhance the capabilities of
the model to concentrate on the features that are of importance in noise suppression.

Zhu et al. (2025) proposed a multi-grained temporal clip transformer, which is used to capture the
fine-grained temporal features on the varying scales. This method was found to be more effective in
identifying the more difficult and subtle actions of human beings.

4.5 Research Gap

Despite the considerable progress in the sphere of Human Action Recognition, some gaps are still
present in the literature. The overwhelming majority of research is limited to either the spatial or the
temporal feature extraction, resulting in the incomplete modeling of human complex behavior. Even
though the models, particularly the transformer-based models, have enhanced the modeling of global
dependency, most of the frameworks available do not have an integrated process through which they
have the ability to capture spatial, temporal, and channel-related information together.

Moreover, current methods can have difficulties with computational efficiency, especially when
working with large video datasets and multimodal inputs. Although multimodal fusion methods have
demonstrated good results, they add further complexity and need optimized architectures.

Thus, the Multi-Attention Transformer Framework that can effectively combine the variety of
attention mechanisms and simultaneously be highly accurate and scalable is clearly in demand. The
proposed research will address these limitations with a holistic model that can capture both spatial
and temporal underdependencies in a more effective and computationally efficient way.

5. Methodology

This chapter gives the proposed Multi-Attention Transformer Framework on Human Action
Recognition (HAR). The approach combines the spatio-temporal feature extraction with multi-
mechanisms of attention and learning with transformers to enhance recognition efficiency and
accuracy.

5.1 High-level Framework Architecture.

The proposed architecture will have four key elements, including data preprocessing, feature
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extraction, multi-attention modules, and a transformer encoder. The architecture aims at capturing
local and global dependencies in video sequences.

Raw video input is first converted into frame sequences, and then through the feature extraction
module. The obtained features are partially optimized with the help of multi-attention mechanisms
such as spatial, temporal, and channel attention. Lastly, these features are encoded by a transformer
to provide modelling of long-range dependencies and classification.

Video Input
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l Multi-Attention Transformer
Feature Extraction = = =

| " F‘h\uhﬂ Attention ‘|

CNN Layers - -
TS [ 1 Temporal Attention Featu re

Fusion
Patch Embedding UL 10 K
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“Figure 1: Proposed Multi-Attention Transformer Famework for Human Action Recogtion.
The architecture is based on the hybrid architecture based on recent developments in the HAR models.
Liu et al. (202) provided evidence of efficiency in the approach to use convolutional layers along with
transformer architectures to enhance spatio-temporal learning. On the same note, Ahn et al. (2022)
have underscored the need to combine cross-attention mechanisms to enhance the representation of
features.

The proposed model has a conceptual block diagram that consists of:

. Input video frames

J Image processing module (Maximization CNN)
. Multi-attention module

. Transformer encoder

J All-way connected classification layer.

5.2 Data Preprocessing

Preprocessing of data is an essential process of preparing crude video data to be effectively trained
into a model.

Frame Extraction

Video sequences are separated into fixed-length frame sequences in order to have the same
representation of inputs. The temporal sampling will be used to obtain the appropriate motion
information at minimum redundancy. The method is aligned with methods applicable to transformer-
based HAR models (Mazzia et al., 2021).

Normalization

The frames are all resized to standard resolution and normalized to be consistent across the dataset.
The pixel values are brought to a standard range usually [0,1], so that during training converges.
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Data Augmentation

To enhance model generalization and minimize overfitting, different augmentation methods are
employed, such as:

o Random cropping

o Horizontal flipping

o Rotation and scaling

These methods increase the resistance to viewpoint and environmental variations, as it has been
reported in multimodal HAR research (Yi et al., 2025).

5.3 Feature Extraction

The role of feature extraction is to encode useful spatial and temporal data from video data.

Spatial Feature Encoding

Convolutional neural networks (CNNs) or 3D CNNs are used to determine spatial features. Local
spatial patterns, including body posture and interaction with objects, are represented by these
networks. Liu et al. (2025) demonstrated that the representation of spatial features of movement is
enhanced by 3D convolution.

The spatial feature extraction using CNN can be represented as:

Fs=CNN(X)

Where:

. X = input video frames

. Fs = extracted spatial features

Temporal Feature Encoding

The temporal information is coded through studying sequential frame dependencies. Rather than
using RNNs or LSTMs, the suggested structure uses encoding based on transformers to obtain long-
range temporal connections. It is a response to the shortcomings of sequential models and has a higher
efficiency (Pareek et al., 2024).

5.4 Multi-Attention Mechanism

The model suggested uses several attention mechanisms in order to improve the feature
representation.

Spatial Attention Module

The spatial attention module is concerned with the identification of meaningful areas in each frame.
It gives stronger weights to pertinent structural elements of the space, such as areas of motion, like
human body parts. This enhances the level of discrimination of the features in the model (Sun et al.,
2023).

As=6(Ws-Fstbs)

Fs'=As © Fs

Where:

. As = spatial attention map

. o = sigmoid function

. © = element-wise multiplication

Temporal Attention Module
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The temporal attention module is a frame-based dependency capture module that enables the model
to pay attention to critical timepoints in a sequence of actions. Zhu et al. (2025) showed that the multi-
grained temporal attention is more beneficial in the recognition of more complicated and subtle
actions.

Channel Attention Module

The module of channel attention focuses on the feature channels that are significant and discourages
those that are irrelevant. The mechanism increases the selectivity of features and improves
performance. The authors emphasized the usefulness of channel-based attention to take advantage of
transformer structures (Lu et al., 2025).

These attention mechanisms are integrated to provide overall learning of features in that they capture
spatial, temporal, and channel-wise features.

5.5 Transformer Encoder Design

The gist of the proposed framework is the transformer encoder, which models global dependencies.
Multi-Head Self-Attention

Multi-head self-attention enables the model to focus on various aspects of the input at the same time.
The attention heads obtain distinctive relationships among features, enhancing representation
learning. Al-Tawil et al. (2025) established that the multi-head attention is superior to feature
discrimination in HAR tasks.

Positional Encoding

Because transformers do not necessarily encode sequence order, positional encoding is applied to
encode time. This helps the model to comprehend the frame sequence and have time coherence
(Mazzia et al., 2021).

Feed-Forward Layers

The encoder has feed-forward layers that are entirely interconnected and convert attended features
into higher-level representations. The layers enhance non-linear mapping of features and enhance
better classification performance.

5.6 Model Training

Supervised learning is used in the model training based on labeled action sets.

Loss Function

Multi-class classification makes use of a categorical cross-entropy loss function. This role identifies
the difference between the predicted and actual classes.

Optimizer

Adam optimizer is used to optimize efficiently with the use of gradients. It offers adaptive learning
rates, which result in faster convergence and better performance.

Hyperparameters

Among the main hyperparameters, there are:

o Learning rate (e.g., 0.001)

o Batch size (e.g., 16 or 32)

o Number of epochs (e.g., 50-100)

o Number of attention heads

J Transformer depth
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One will do hyperparameter tuning to obtain the best model performance.

6. Dataset Description

The effectiveness of the suggested Multi-Attention Transformer Framework is assessed with the help
of the standard benchmark datasets commonly used in the Human Action Recognition (HAR) studies.
These data sets have a variety of situations, intricate movement patterns, and different environmental
factors, which make them appropriate for tests of robustness and generalization of models.

6.1 Dataset Used

Mazzia et al. (2021) used benchmark records in UCF101 and HMDBS5I1 to test transformer-based
HAR models and realized their dependability in comprehending brief periodical interdependencies.
These datasets are known to be diverse in the categories of actions and realistic video settings.

The UCF101 dataset comprises 101 action classes obtained through the realistic YouTube video
material, activities like sports, everyday actions, and human-object interaction. The reason why it is
commonly used is that it is very big, and the motion of the camera changes, the background is messy,
and the lighting is not the same.

The HMDBS1 dataset contains 51 different categories of actions based on movies and online videos.
It is more difficult than UCF101 because of complicated scenes, occlusion, and camera movement.
Also, large-scale datasets, including Kinetics, offer over thousands of action categories and large
video samples, which allow the testing of deep learning models at a larger scale. Models that are
based on transformers, like those by Ahn et al. (2022) and Lu et al. (2025), have shown good
performance with such large-scale data sets as they are capable of modeling global dependencies.
6.2 Dataset Characteristics

Ahn et al. (2022) emphasized that the characteristics of datasets have a considerable impact on the
performance of the model, especially that based on transformers.

Number of Classes

J UCF101: 101 action classes

. HMDB51: 51 action classes

o Kinetics: 400 or more action classes (by version)

The more classes, the more complex the classification will be, and the feature representation will need
to be strong.

Video Duration

These datasets consist of videos, which usually last just a few seconds and up to several minutes.
Clips of shorter length show basic actions, whereas the longer clips have complex and composite
actions. Transformer models are effective in the management of varying sequence lengths using the
attention mechanisms (Lu et al., 2025).

Training/Testing Split

The evaluation procedures are performed on a standard basis:

o 3 standard splits (train/test): UCF101.

o HMDBS51: 3 standard splits

o Kinetics: pretrained large-scale training and validation sets.

Fair comparison with the existing models and prevention of overfitting are guaranteed by a proper
separation of datasets.
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7. Experimental Setup

This part outlines the experimental setup that will be adopted to test the proposed framework in terms
of hardware setup, evaluation metrics, and baseline models to compare.

7.1 Hardware and Software Setup.

The authors noted that HAR models based on transformers have a high level of computational
complexity; hence, high-performance computing resources are essential in training them (Liu et al.,
2025).

The following configuration is used in the experiments:

o Hardware:

. GPU: NVIDIA RTX 3080 / Tesla V100

. CPU: Intel Core 17/19

. RAM: 16-32 GB

J Software:

. Python Programming Language: Python.

. Deep Learning Architecture: PyTorch / TensorFlow.
. Libraries: OpenCV, NumPy, Scikit-learn.

The arrangement will facilitate the efficient training and evaluation of deep learning models.

7.2 Evaluation Metrics

Several evaluation measures are adopted to give a holistic analysis to determine the performance of
a model.

Accuracy

Accuracy measures the overall correctness of the model:
Correct Predictions

Accuracy = —
Y Total Predictions

F1=2xPrecision+RecallPrecisionxRecall

It is the most popular measure of HAR tasks.

Precision, Recall, and F1-Score

Sun et al. (2023) emphasized the need to use precision and recall to assess classification performance,
particularly in imbalanced data sets.

o Precision: Measures the rate of the number of positively predicted observations that were
correct.

o Recall: Determines the capacity of the model to detect all the pertinent cases.

o F1-Score F1-Score is the harmonic mean of precision and recall.

These measures give a larger understanding of the performance of the model rather than accuracy.
Confusion Matrix

Classification results in the form of a confusion matrix are visualized by displaying the true positives,
false positives, true negatives, and false negatives. It assists in detecting misclassification trends and
performance at the class level.

7.3 Comparison Baseline Models.

In order to test the effectiveness of the proposed model, it is contrasted with a number of baseline
approaches.
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CNN-Based Models

Liu et al. (2025) showed that CNN-based models are useful in extracting spatial features but do not
have the capability to extract long-range temporal dependencies.

CNN + LSTM Models

As pointed out by Samoon et al. (2025), CNN-LSTM architectures incorporate both spatial and
temporal learning. Nevertheless, they are limited to sequential processing and have the inconvenience
of long-term dependencies.

Universal Transformer Architectures.

Mazzia et al. (2021) and Pareek et al. (2024) demonstrated that transformer-based models are better
than traditional models due to the use of mechanisms of self-attention. Nevertheless, common
transformers might not have special attention modules for fine-grained feature learning.

This Multi-Attention Transformer Framework is compared with the following baseline models to
prove that it is more effective in terms of capturing intricate patterns in space-temporal variations and
enhancing the accuracy of the recognition.

8. Results and Analysis

This chapter presents the experimental findings of the developed Multi-Attention Transformer
Framework of Human Action Recognition (HAR). The assessment involves the comparison of
performance quantitatively, qualitative analysis, ablation studies, and a thorough discussion of
results.

8.1 Quantitative Results

The model is tested using benchmark data and compared to superficial models, such as CNN,
CNN+LSTM, and conventional transformer models.

Liu et al. (2025) established that the use of multi-attention mechanisms, which are combined with
transformer architectures, can enhance the accuracy of classification to a significant degree. In a
similar vein, Lu et al. (2025) have indicated that maximized attention processes improve performance
and efficiency.

Table 8.1: Performance Comparison of Models

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
CNN 82.5 81.2 80.8 81.0

CNN + LSTM 86.7 85.9 85.3 85.6

Standard Transformer 90.3 89.7 89.1 89.4
Proposed Multi-Attention| 94.8 94.2 93.9 94.0

Model

The findings suggest that the proposed model performs better than all the baseline approaches in all
the metrics used to evaluate the approaches. The accuracy enhancement proves that multi-attention
mechanisms are effective in capturing intricate spatio-temporal dependencies. The performance
comparison is evaluated on benchmark datasets including UCF101 and HMDBS51. These datasets are
widely adopted in the literature due to their diverse action categories, real-world scenarios, and
varying complexity levels. Using these datasets ensures a fair and standardized comparison with
existing CNN-based, CNN-LSTM, and transformer-based models.
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Method Architecture Type Dataset | Accuracy (%

Two-Stream CNN (Simonyan & Zisserman CNN UcF1o1llss.0

2014)

C3D (Tran et al., 2015) 3D CNN UCF101]|85.2

CNN + LSTM (Donahue et al., 2015) CNN-RNN UCF101(86.7

I3D (Carreira & Zisserman, 2017) 3D CNN UCF101|93.4

Action Transformer (Mazzia et al., 2021) Transformer UCF101{/92.3
Spatio-t 1

STAR-Transformer (Ahn et al., 2022) patlo-tetmpota UCF101/93.8
Transformer

Hybrid CNN-Transformer (Pareek et al., 2024 |Hybrid UCF101]/94.1

Multi-Attention Transformer (Liu et al., 2025]Multi-Attention UCF101{[94.5
Multi-Attenti

Proposed Model CHPATIERHON UCF101/94.8
Transformer

Ahn et al. (2022) and Pareek et al. (2024) have also been able to note comparable improvements with
the use of transformer-based architectures in comparison with traditional ones. To further validate the
effectiveness of the proposed model, a comparison with state-of-the-art methods is conducted on
benchmark datasets such as UCF101. The selected methods include CNN-based, RNN-based, and
transformer-based architectures that have been widely reported in the literature. The comparison
demonstrates that the proposed multi-attention transformer framework achieves competitive
performance and outperforms several existing approaches.

8.2 Qualitative Analysis

Qualitative analysis is done through visualizing attention maps produced by the model. These maps
are used to identify areas and frames that the model pays attention to when identifying actions.

The article by Sun et al. (2023) focused on pointing out that attention visualization is interpretable
because it includes important spatial and temporal characteristics. In the proposed model:

J Spatial attention maps are concentrated on such body parts as hands, legs, and head
movements.

o Temporal attention brings forward important motion frames.

o Channel attention is concerned with informative feature channels.

Khan et al. (2024) proved that hybrid attention processes are more robust to complex environments
because they can manage background noise and the presence of occlusions. On the same note, the
proposed model demonstrates high levels of localization of the relevant features in even complicated
situations.

8.3 Ablation Study

A study of ablation is performed to determine the value of each of the modules of attention in the
suggested framework.

Table 8.2: Ablation Study Results
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Model Variant Accuracy (%)
Without Attention 88.1
With Spatial Attention Only 90.2
With Temporal Attention Only 91.0
With Spatial + Temporal Attention 93.1
With Full Multi-Attention (Proposed) | 94.8

It is evident through the results that:

o Every attention module is involved in the improvement of performance.
o Temporal attention has an ever slight influence compared to spatial attention.
o The total of all attention mechanisms will be the most effective.

Another study conducted by Zhu et al. (2025) provided evidence to the point that multi-grained
temporal attention is a strong contributor to action recognition performance. In the same manner, Al-
Tawil et al. (2025) also indicated that multi-head attention is effective in enhancing feature
discrimination.

8.4 Discussion

The findings of the experiment point to a number of strengths of the suggested framework.
Strengths

o Better Accuracy: The model can perform better than the baseline methods.

o Improved Feature Representation: Multi-attention systems are effective in the representation
of spatial, temporal, and channel-wise features.

J Robustness: The model can work in difficult circumstances like occlusion and change of
viewpoint.

o Scalability: Transformer-based architecture enables parallel processing and effective training.
Limitations

J High Computational Cost: Transformer models are inexpensive to compute.

J Data Dependency: Data works well with big datasets to be trained.

o Complex Architecture: The inclusion of various attention modules in the model raises the

complexity of the model.

Similar difficulties in multimodal HAR systems were also mentioned by Yi et al. (2025), especially
in the areas of computational overhead and data needs.

9. Discussion

This part represents a further explanation of the findings and a comparison of the suggested model
with the current state-of-the-art methods.

9.1 Interpretation of Results

The results of the experiment reveal that the offered Multi-Attention Transformer Framework will
increase the level of human action recognition. The combination of various mechanisms of attention
helps the model to model the complex relationships existing in space and time very well, as compared
to the traditional models.

Such high accuracy and F1-score indicate that the model is able not only to make correct predictions
but also to balance between precision and recall. This is especially relevant to real-life

implementation, where false classification can bring very serious mistakes.
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9.2 What works better in Multi-Attention?
A combination of several attention mechanisms can be considered as the reason behind the superior
performance of the proposed model:

o Spatial Attention: Puts attention on significant areas of frames.
o Temporal Attention: Assists in the significant points of action sequences.
J Channel Attention: Feature selection and noise reduction.

Liu et al. (2025) and Lu et al. (2025) pointed out that there are several mechanisms of attention that
are encompassed in the integration of attention and result in the richness of features. Also, self-
attention via transformer enables the model to learn long-range dependencies, which are inaccessible
with CNN-LSTM structures.

9.3 Comparison with Existing State-of-the-Art

The proposed model has obvious benefits as compared to the current means:

o Its results are also better in terms of temporal dependencies in comparison with CNN and
CNN-LSTM models.

o Outperforms the standard transformer models and includes multi-attention modules.

o Has superior resilience in complicated settings.

According to Mazzia et al. (2021) and Ahn et al. (2022), models that are built on transformers are
already superior to traditional ones. Nevertheless, the framework proposed expands these models by
including several attention mechanisms, which result in additional performance gains.

Pramanik et al. (2023) and Basly et al. (2024) also discussed the attention-based transformer
frameworks, though their models are not as fully integrated in space, time, and channel attention as
in the proposed solution.

10. Conclusion

This paper introduced a new Multi-Attention Transformer Framework of Human Action Recognition
(HAR) to overcome the shortcomings of the traditional deep learning and current transformer-based
methods. The suggested model incorporates spatial, temporal, and channel attention systems into a
transformer-based architecture so that more fine-grained spatio-temporal details can be improved.
The test outcomes show that the presented framework is much superior to the traditional models,
including CNN and CNN-LSTM, and other common transformer models. The fact that multi-
attention mechanisms have led to better accuracy levels, precision, recall, and F1-score is evidence
of the mechanism being effective in the sense that it is able to capture the local and global
dependencies of video data. These results are predictable concerning the recent transformer-based
HAR model innovations (Liu et al., 2025; Lu et al., 2025).

The ultimate synthesis of the various modules of attention is one of the most significant contributions
that this research has made because this is what provides the model with the ability to pay attention
to important spatial areas, significant temporal intervals, and valuable feature channels at the same
time. This multi-dimensional attention plan improves the capability of the model in dealing with
issues like occlusion, viewpoint changes, and complicated movement patterns.

Moreover, self-attention that involves the use of transformers enables the effective modeling of long-
range dependencies with the help of non-sequential processing, thereby breaking down the constraints
of classic RNN-based solutions (Mazzia et al., 2021; Ahn et al., 2022). The provided framework is
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also scalable and flexible, with the ability to be used in real-life scenarios related to surveillance,
medical care, and human-computer interaction.

Irrespective of these developments, the study admits some of the limitations in that it requires high
computational resources and relies on large-scale datasets. However, the average performance
justifies the success of the suggested strategy and goes into the promotion of the state-of-the-art in
the field of human action recognition.

11. Future Work

Although the suggested Multi-Attention Transformer Framework provides meaningful results, there
are still multiple areas of the research that can be enhanced in the future.

1. Real-Time Implementation

The next step in work can be on streamlining the model to be used in real-time, especially in
surveillance systems and wearables. The latency minimization and inference speed will also be
important in an actual deployment.

2. Lightweight Model Design

Transformer-based models have a high computational complexity, and this can be solved by
designing lightweight architectures. Such methods as model pruning, quantization, and efficient
attention mechanisms can be investigated to minimize the use of resources (Lu et al., 2025).

3. Multimedia Data Mining.

Additional data modalities like depth, skeleton, and radar signals would also help improve the
performance of the model. Research papers like Yi et al. (2025) and Li et al. (2022) mention that
multimodal fusion may be used to enhance robustness and accuracy.

4. Unsupervised and Self-Supervised Learning.

Future studies can examine the unsupervised or self-supervised learning methods to minimize the
reliance on labeled data. Frameworks built around transformers have demonstrated the ability to learn
representations without using a lot of supervision (Kim et al., 2024).

5. Strength to Real-Life Problems.

Next-generation development is possible to understand resilience to issues like occlusion, background
clutter, and extreme viewpoint changes. A combination of hybrid attention and adaptive learning can
come as a good resolution (Khan et al., 2024).

6. Explainability and Interpretability.

Another direction of importance is developing interpretable HAR models. Attention maps,
visualization, and explainable AI methods can enhance the level of trust and usability in vital
applications like healthcare.
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