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PAPER

Multimodal Human Action Recognition for Ubiquitous 
Systems: Cross-Attention of Skeleton and Audio

ABSTRACT
Human action recognition (HAR) systems are foundational for mobile educational 
technologies, such as gesture-based learning analytics and remote skill acquisition. However, 
current systems often fail in real-world settings due to visual occlusion and the neglect of 
the rich contextual information provided by the acoustic modality, particularly in visual-cen-
tric datasets such as NTU RGB+D 60 and MSR Daily Activity 3D. By manually producing 
action-relevant audio streams for these datasets, we propose a multimodal approach that 
fuses skeleton and audio modalities through a cross-attention mechanism. Our framework 
processes skeleton data by integrating joints and limbs into an H × W × 31 spatial feature 
map, which is then fed into a ResNet50 backbone. Log-Mel spectrograms are encoded using 
a ConvNeXt-T architecture. A cross-attention mechanism is employed to fuse these features, 
effectively learning inter-modal dependencies. Evaluations demonstrate significant gains: 
94.7% on NTU RGB+D X-SUB (up from 90.5% using only skeleton data) and 97.9% on MSR 
Daily Activity 3D (compared to 89.8%). These results quantitatively establish the critical role 
of audio in enabling robust, real-time feedback loops that are essential for smart learning 
environments and interactive mobile coaching, where visual data alone is unreliable.

KEYWORDS
human action recognition (HAR), artificial intelligence, computer vision, skeleton, audio, 
cross-attention

1	 INTRODUCTION

The human perception is formed by integrating diverse pieces of information 
in the brain, whether watching a video, listening to a conversation, or engaging in 
sports. At various stages, the brain senses and combines inputs from multiple sensory 
organs, including vision, hearing, touch, and smell, to construct distinct perceptions 
of the world. In the modern era of ubiquitous computing, recreating a human-
like perceptual ability in technology is essential for developing next-generation 
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interactive and mobile applications, particularly in fields such as mobile health, 
remote rehabilitation, and interactive training systems.

While early HAR studies relied heavily on surveillance and broad-scene under-
standing [1, 2], recent research focuses on ubiquitous computing spaces, including 
real-time mobile health monitoring [3, 4], personalized remote rehabilitation [5, 6], 
and smart environments utilizing data from smart devices [7, 8]. The proliferation 
of smartphones and portable devices equipped with advanced sensing capabilities 
allows for sophisticated analysis in real-world, uncontrolled environments. Early 
work focused on unimodal representations (vision, inertial sensing) [9–11]. However, 
advances in deep learning now enable the extraction of detailed skeleton data 
directly from commodity mobile cameras or augmented reality (AR) applications. 
This capability is particularly vital for embodied learning scenarios, such as remote 
physical therapy or technical skill training (machinery repair via AR). In these con-
texts, a system must verify both the user’s posture (skeleton) and the acoustic out-
come of their action (audio), such as the click of a tool or the rhythm of a movement, 
to provide valid educational feedback.

Unimodal data are inherently limited. As defined by Lahat et al. [12], data fusion 
across different sensors mitigates uncertainty and improves representation quality 
beyond what single modalities can achieve. Integrating audio and vision is advan-
tageous; auditory information compensates for low visual quality (e.g., occlusion 
and low light), while visual data is robust to acoustic interference [13–20]. However, 
challenges remain, including modality of misalignment and non-discriminative 
audio signals. For ubiquitous mobile deployment, relying solely on heavy visual 
processing introduces latency and battery drain. Therefore, integrating lightweight 
audio cues is essential to maintain high recognition confidence when visual process-
ing is throttled or occluded.

This paper addresses these issues by proposing a novel system designed as a 
robust foundation for interactive, portable HAR applications. Unlike previous works 
focused solely on benchmarks, we position our cross-attention framework as an 
enabler for ubiquitous learning, capable of resolving semantic ambiguities that hin-
der automated mobile tutoring. The remainder of this paper is organized as follows: 
Section 2 reviews vision-based, inertial, and audio-visual fusion techniques. Section 3 
describes the proposed methodology. Section 4 presents the experiments and results, 
and Section 5 concludes with implications and future research directions.

2	 RELATED WORK

2.1	 Vision-based recognition approach

Vision-based activity recognition algorithms are typically used to analyze 
third-person videos and can be categorized into two main approaches: object-based 
and motion-based. Motion-based techniques leverage temporal patterns in bodily 
movements to recognize activities. Recent advancements emphasize robust feature 
extraction and spatiotemporal modeling.

For RGB video, Xing et al. [21] proposed MS-HARA, a multiscale RGB model 
designed to jointly identify and predict human activities using temporal model-
ing and attention mechanisms with strong performance on UCF101 and HMDB51. 
In-depth-based approaches, Rao et al. [22] introduced the enhanced depth motion 
map (EDMM), which improves upon conventional depth motion maps (DMMs) 
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by utilizing per-pixel motion disambiguation and a 9-layer CNN. They tested the 
EDMM on two well-known datasets, MSR Action3D and UTD-MHAD. For skeleton- 
based action recognition, Ibh et al. [23] proposed TemPose. This transformer model 
enhances fine-grained motion recognition in badminton by eliminating padded 
tokens in attention maps to reduce noise and jointly encoding player and ball posi-
tions for action classification. Plizzari et al. [24] introduced a spatial-temporal trans-
former network (ST-TR) utilizing spatial self-attention to correlate joints within a 
frame and temporal self-attention to track dynamics across frames.

2.2	 Inertial sensing (IMU) recognition approach

To address vision-only limitations such as occlusion and privacy, researchers 
often utilize an inertial measurement unit (IMU), primarily consisting of accelerom-
eters and gyroscopes. It is highly valued in ubiquitous computing and HCI for its low 
power consumption and privacy preservation. Alam et al. [25] demonstrated that 
fusing wrist and smartphone sensor data improves accuracy using a bidirectional 
LSTM. Cao et al. [26] introduced a graph-LSTM (G-LSTM) to model the spatial topology 
among multiple IMU sensors explicitly. By incorporating a multi-task classification 
model for joint action and identity prediction. However, IMU systems are con-
strained by their inability to capture external environmental cues or human-object 
interactions, leading to semantic ambiguity.

2.3	 Multimodal fusion approach

Multimodal approaches combine various data streams, such as auditory and sen-
sor data, to classify human actions and analyze behavior. In the context of inter-
active mobile technologies, research has explored multimodal fusion at both the 
sensor level and the model level. Fang et al. [27] employed model-level fusion in 
resource-constrained VR using a dual-path decoder with attention-based rescoring 
to fuse streaming (CTC) and non-streaming speech recognition outputs, balancing 
low latency and high accuracy for continuous speech and interaction behavior anal-
ysis. Zellers et al. [28] proposed MERLOT-Reserve, a multimodal transformer that 
utilizes cross-modal attention to jointly learn representations of video, audio, and 
text, thereby gaining temporal and semantic context to understand audio-visual 
events. Bock et al. [29] introduced the WEAR dataset and demonstrated temporal 
action localization models that fuse egocentric video and inertial data via simple 
concatenation for robust outdoor sports human activity recognition. While Chadha 
et al. [30] used a CNN-LSTM hybrid for model-level fusion of mobile sensor data, 
achieving 98.41% transitional activity accuracy by combining feature extraction 
with temporal sequence modeling.

3	 THE PROPOSED APPROACH

Our activity recognition pipeline involves two stages: extracting audio-visual fea-
ture representations and fusing these features to capture cross-modal dependencies. 
The framework is shown in Figure 1.
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Fig. 1. Our audiovisual activity recognition diagram

3.1	 Visual stream architecture (skeleton processing)

Inspired by PoseConv3D [31], we reformulate 3D joint sequences into spatiotem-
porally enriched heatmap representations. The process begins with a cleaning phase 
where pseudo-skeletons with low confidence scores (lower than 0.2) are eliminated, 
followed by normalization relative to the torso and centering on the pelvis joint to 
ensure spatial invariance. These cleansed 3D joint coordinates are then projected to 
the XY (frontal), XZ (top-down), and YZ (side) planes to generate associated heatmaps. 
For each view, we generate two complementary maps: Joint Heatmaps, which model 
joint presence using a Gaussian kernel, and Limb Heatmaps, which encode the con-
nectivity between joints using a Gaussian distribution along the limb segment (see 
Appendix A, Eq. 1, 2).

These maps are concatenated channel-wise, resulting in a fused heatmap tensor 
of size H × W × 6, which we stacked across five frames to H × W × 30 to capture 
motion dynamics, then augmented with a motion-specific channel to produce the 
final H × W × 31 representation. Uniform Temporal Sampling is applied to systemati-
cally capture motion evolution across the video duration before the data is fed into a 
modified ResNet-50 backbone, where the architecture is designed to match the exact 
standard input sizes used by ResNet models [32]. The model is shown in Figure 2.

Fig. 2. ResNet-50 model architecture
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3.2	 Audio stream architecture

Each raw audio sample is normalized to a consistent length (by padding or 
trimming) and enhanced by utilizing a random time shift to improve the model’s 
robustness to misalignment in time. To improve generalization against real-
world temporal misalignments, we apply random time shifting during training. 
We transform the signal into the frequency domain using the short-time Fourier 
transform (STFT) to derive log-Mel spectrograms, which effectively capture energy 
distribution across perceptually relevant frequency bands. Crucially, to encode 
the temporal dynamics of acoustic events, we compute the first-order (Δ) and 
second-order (Δ2) derivatives of the spectrogram. These are concatenated with the 
base log-Mel coefficients to form a rich 3-channel pseudo-image tensor. This input is 
processed by a ConvNeXt-Tiny architecture [33], which utilizes large kernel depth-
wise convolutions and inverted bottleneck blocks to efficiently extract hierarchical 
acoustic features (see Appendix A Eq.: 3–5). Figure 3 shows the architecture of the 
ConvNeXt-Tiny model.

Fig. 3. ConvNeXt-T model architecture

3.3	 Cross-attention fusion mechanism

To fuse these heterogeneous modalities, we first project the high-dimensional 
features from the visual (ResNet-50) and audio (ConvNeXt-T) streams into a com-
mon 256-dimensional latent space using learned linear layers. This dimensionality 
reduction is strategic, balancing representational capacity with computational trac-
tability. The core fusion mechanism is a 4-head cross-attention module [34]. In this 
configuration, the audio features serve as queries (QA), effectively “scanning” the 
visual features, which act as Keys (KV) and Values (VV). This allows the model to 
learn inter-modal dependencies, dynamically weighing the importance of specific 
visual cues based on the acoustic context (and vice versa). The attention output is 
refined through residual connections, layer normalization, and dropout regulariza-
tion to ensure training stability (detailed derivation in Appendix A, Eq. 6–8). Figure 4 
demonstrates the multi-head cross-attention mechanism:
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Fig. 4. Multi-head cross-attention mechanism

4	 EXPERIMENTAL EVALUATION

4.1	 The datasets

We utilize two datasets, NTU RGB+D and MSR Daily Activity 3D, for our exper-
iments. We create an auditory stream for each of the videos in these two datasets.

NTU RGB+D.
Visual branch: This benchmark dataset [35] comprises 56,880 RGB+D video sam-

ples encompassing 60 actions, captured from three camera angles using Microsoft 
Kinect v.2. It contains RGB videos, depth map sequences, 3D skeletal data, and 
infrared (IR) videos for each sample. The resolutions of RGB videos are 1920x1080; 
depth maps and IR videos are all in 512x424; and 3D skeletal data contains the 3D 
coordinates of 25 body joints at each frame.

Aural branch (NTU RGB+D Audio dataset): The NTU RGB+D audio dataset 
was synthetically generated using AudioGen (Meta AudioCraft) [36], a large language 
model designed for text-to-audio generation. We created 56,880 audio samples (WAV, 
32 kHz, mono) corresponding to the visual events.

MSR Daily Activity 3D.
Visual branch: This dataset [37] contains 320 Kinect-recorded daily activity 

examples across 16 activities performed in two positions (sitting on a sofa and stand-
ing), presenting significant challenges: high noise, occlusion, complex human-object 
interactions, and substantial proportions of complicated human-object interactions 
that add further complexity for analysis and validation.

Aural Branch: We employed a human-in-the-loop annotation process. Two 
designated actors performed the acoustic components of the actions specifically to 
match the semantic context of the visual clips. While this dubbing approach ensures 
semantic alignment between modalities, we acknowledge that it may not capture 
the micro-temporal synchronization of the original visual performance. However, 
this suffices for the proposed semantic disambiguation task.

4.2	 Implementation details

The model was implemented using the TensorFlow framework. We utilized stan-
dard cross-subject (X-SUB) and cross-view (X-VIEW) protocols for NTU RGB+D and  
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a 60/20/20 split for the smaller MSR Daily Activity 3D dataset to ensure robust evalu-
ation. The ResNet-50 was initialized with ImageNet weights, while the fusion module 
was trained with the backbones frozen to preserve the integrity of the pre-trained 
feature representations. We employed the Adam optimizer with decoupled weight 
decay across all streams. To prevent overfitting, we applied extensive data augmen-
tation (including spatial rotation, frame skipping, and SpecAugment) and a regular-
ization strategy involving label smoothing and dropout. Detailed hyperparameters, 
including learning rates, batch sizes, and augmentation values, are provided in 
Appendix B.

4.3	 Model complexity and deployment feasibility

To comprehensively assess suitability for ubiquitous systems, we analyzed 
the computational complexity, storage footprint, and runtime latency for mobile 
deployment, the results are summarized in Table 1.

Table 1. Model complexity and suitability for real-time mobile and Edge applications

Model Parameters (M) FLOPs (G) Model Size  
(Storage)

Peak Memory  
(RAM) Latency/FPS

Visual Stream 25.6 M 4.1 ~102.4 MB ~180 MB ~31 ms (32 FPS)

Audio Stream 28.0 M 4.5 ~112 MB ~200 MB ~34 ms (29 FPS)

Total Fused Model 53.6 M 8.6 ~214.4 MB ~450 MB ~55 ms (18 FPS)

As shown, the fused model requires approximately 450 MB of peak memory, fit-
ting comfortably within the hardware limits of modern smartphones. However, the 
uncompressed storage footprint (~214.4 MB) and estimated throughput (~18 FPS) 
indicate that while the system is viable for interactive feedback on high-end mobile 
NPUs (e.g., Apple Neural Engine, Snapdragon Hexagon), widespread deployment 
on low-power edge devices requires immediate quantization (INT8) and pruning 
(as detailed in Section 5.2). These optimizations are crucial for reducing application 
size, preventing thermal throttling, and ensuring sustained fluid performance.

4.4	 Experimental results

The performance results of the video-only model trained with the ResNet-18, 
ResNet-34, and ResNet-50 architectures; the audio-only model trained with 
ConvNeX-T; and the cross-attention fusion approach are shown in Table 2.

Table 2. Accuracy for NTU RGB+D (X-SUB, X-VIEW) and MSR Daily Activity 3D

Model Params MSR Daily  
Activity

NTU RGB+D  
(X-Sub)

NTU RGB+D  
(X-View)

Video Only ResNet-18 11.7 M 81.4% 79.4% 84.3%

ResNet-34 21.8 M 88.7% 85.4% 88.5%

ResNet-50 25.6 M 91.8% 90.5% 94.6%

Audio Only ConvNeXt-T 28 M 87.8% 81.7% 81.7%

Video + Audio Cross-Attention 53.5 M 97.9% 94.7% 98.6%
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As shown, video-only models outperform audio-only models across all datasets, 
confirming the stronger discriminative power of visual cues for HAR. However, 
the cross-attention fusion model consistently surpasses both unimodal baselines, 
improving accuracy by +6.1% on MSR Daily Activity and up to +4.1% (X-Sub)/+4.0% 
(X-View) on NTU RGB+D over the strongest video-only architecture (ResNet-50). 
These results demonstrate that integrating skeleton-based visual features with audio 
information enables the model to resolve ambiguities present in unimodal streams 
and significantly boosts overall recognition performance.

Figure 5 shows the confusion matrix of the 20 least accurate actions in the NTU 
RGB+D dataset, and Figure 6 shows the confusion matrix for the MSR Daily Activity 
3D dataset.

Fig. 5. The NTU RGB-D 60 confusion matrix for the lowest 20 actions
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Fig. 6. The MSR Daily Activity 3D confusion matrix

We compare our models with state-of-the-art methods on the NTU RGB+D 60 and 
MSR Daily Activity 3D datasets, as shown in Tables 3 and 4, respectively.

Table 3. Comparison of the accuracy (%) with state-of-the-art methods on NTU RGB-D 60

Approach Modality
Accuracy

 X-Sub X-View Average

DSTA-Net [38] Skeleton 91.5 96.4 93.9

MS-G3D ++ [39] Skeleton 92.2 96.2 94.2

POSECONV3D [31] Skeleton 94.1 97.1 95.6

VPN (I3D) [40] Skeleton + RGB 93.5 96.2 94.6

TCEM-MMNet [41] Skeleton + RGB 94.3 98.8 96.6

Cross-Attention Skeleton + Audio 94.7 98.6 96.7

Table 4. Comparison of the accuracy (%) with state-of-the-art methods on MSR Daily Activity

Approach Modality Accuracy

Jiagang et al. [42] RGB + Skeleton 93.0

Yang et al. [43] Skeleton 94.7

Kerboua et al. [44] Skeleton 95.3

DSSCA‑SSLM [45] Depth 96.3

Cross-Attention Skeleton + Audio 97.9
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Both tables consistently demonstrate that our framework achieves state-of-the-art 
performance on both the NTU RGB+D 60 and MSR Daily Activity datasets. This strong 
performance reflects the strength of combining acoustic cues with skeletal data to 
supplement the model’s ability to disambiguate actions in the video that are visually 
similar, which the skeleton-only model might miss. Figure 7 compares skeleton-only 
vs. multimodal accuracy for complex actions on NTU RGB+D 60 (X-Sub) and MSR 
Daily Activity 3D.

Fig. 7. Classification accuracy for top-10 challenging actions on across-subject protocol  
of NTU RGB+D 60 (a) and top-5 of MSR Daily Activity 3D (b) datasets

Figure 7 demonstrates that audio consistently enhances action recognition, 
improving both dynamic and distinct actions, such as “Drink” and “Throw,” where 
audio associates sounds, and static or subtle actions such as “Read” and “Use Laptop,” 
where skeletal motion provides limited discriminative information; audio provides 
critical complementary acoustic details (e.g., page turning and person voice reading 
and typing sounds), thereby resolving ambiguity, as qualitatively illustrated by the 
corrected predictions in Figure 8.

Fig. 8. Qualitative evaluation of skeleton only and skeleton + audio models  
on NTU RGB+D 60 and MSR Daily Activity 3D
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The analysis of Figure 8 reveals that the skeleton-only approach occasionally 
misclassifies actions, resulting in limited accuracy compared to the audio-visual 
approach. The model’s performance is greatly enhanced by adding audio-visual 
cues, which accurately recognize actions that were previously misclassified or had 
lower accuracy.

5	 DISCUSSION AND CONCLUSION

This study proposes a new and reliable multimodal human action recognition 
framework that creatively combines skeleton and audio features through a cross- 
attention mechanism. Our main contribution lies in enriching datasets through the man-
ual creation of semantically relevant audio streams for the NTU RGB+D and MSR Daily 
Activity 3D datasets, as well as the design of a robust fusion architecture. Our unique 
modality fusion approach demonstrated meaningful performance benefits of up to 
+6.1% on MSR and +4.2% on NTU compared to unimodal approaches and even showed 
the discriminative power of the final audio (87.8%, with 81.7% audio-only accuracy on 
MSR and NTU RGB+D, respectively). These results illustrate the role of audio in distin-
guishing nuances related to actions and providing context for dynamic movements and 
further developing towards more robust and complete action recognition systems.

5.1	 Implications for mobile learning and interactive systems

The proposed framework supports ubiquitous and mobile applications through 
real-time multimodal feedback, offering critical advantages for educational 
technology and interactive systems:

1.	 Gesture-Based Learning Analytics: In mobile tutoring, simple correctness scores 
are often insufficient, our model adds granularity by cross-referencing skeletal 
pose with audio intensity. The cross-attention mechanism resolves visual ambi-
guity by prioritizing audio cues, enabling the system to accurately validate the 
semantic category of the action.

2.	 Embodied Learning in AR/VR: For remote skill acquisition, the fusion model ver-
ifies that physical actions produce the correct environmental sounds, confirming 
successful object interaction rather than just movement. This closes the feed-
back loop during visual occlusion, enabling the system to detect execution errors 
(e.g., a failed vacuum seal) via acoustic signatures even when the user’s hands 
block the camera view.

3.	 Smart Learning Environments and Ubiquitous Monitoring: In crowded 
classrooms, the system maintains analytics by detecting acoustic signatures 
(e.g., typing) despite frequent visual occlusion. This reliability extends to mHealth, 
where fusing skeletal fall detection with audio impact sounds significantly 
reduces false alarms in daily activity tracking.

5.2	 Challenges and future work

Deploying this architecture on mobile or edge devices poses key challenges:

1.	 Model Efficiency: The current computational cost (8.6 GFLOPs) and uncom-
pressed storage footprint (~214 MB) risk high latency and excessive app size on 
mid-range mobile devices. With an estimated throughput of ~18 FPS, the system 
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approaches the lower bound of interactivity but lacks the fluidity required for 
seamless feedback. Future work must prioritize model quantization (INT8) and 
channel pruning to drastically reduce the 214 MB footprint and energy consump-
tion, ensuring sustained real-time performance without sacrificing the semantic 
precision of the audio stream.

2.	 Data Validity: While the high performance on MSR Daily Activity 3D validates 
the cross-attention mechanism against ecologically valid, live-recorded audio, the 
reliance on synthetic audio for NTU RGB+D introduces a domain gap. The next 
critical step is validation against unconstrained, noisy mobile microphone data to 
ensure real-world robustness.

3.	 Extension, Integration, and Generalizability: Future work involves expand-
ing the framework with additional modalities (objects, RGB, and inertial) and 
developing temporal compression methods for real-time acceleration. Crucially, 
achieving global scalability requires explicitly addressing cultural diversity in 
action execution and validating robustness under diverse environmental acous-
tic conditions (reverberation).

In summary, the proposed system advances multimodal human action rec-
ognition toward more accurate, mobile-ready, and ecologically valid real-world 
applications.

6	 DATA AND CODE AVAILABILITY

To support replicability and open science, the source code for the Cross-Attention 
architecture, along with the scripts used for synthetic audio generation, will be made 
publicly available via a GitHub repository upon publication.

7	 ETHICAL AND GENERATIVE AI STATEMENT

All datasets used in this study comply with ethical research standards. The 
human-recorded audio data were collected from consenting adult participants per-
forming predefined actions without speech or identifiable information. The synthetic 
audio was generated using AudioGen under the Apache License 2.0 and used solely 
for academic research. No personal, biometric, or sensitive data were processed in this 
study. No generative AI tools were used for the writing or editing of this manuscript.
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10	 APPENDIX A: MATHEMATICAL DEFINITIONS

Visual Heatmap Generation: The joint heatmaps (Jk) and limb heatmaps (Ll) 
are defined as:
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Where Jkij represents the weight at spatial position (i, j) for the k-th key point, i and 
j are the coordinates of a location in the spatial grid, uk and vk are the horizontal and 
vertical coordinates of the k-th key point’s center, and σ is the standard deviation 
controlling how quickly the influence decreases as the distance from the key point 
center increases.
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Where D((i, j), seg[a, b]) is the perpendicular distance from pixel (i, j) to the seg-
ment connecting the two joints, similar to joints, the limb maps are summed across 
all limbs in each projection.

ConvNeXt Architecture Details: The depthwise convolution and normaliza-
tion operations are computed as:
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Where Yc,i,j is the value of the output feature map at channel c and spatial coor-
dinates (i, j), Xc,i+p,j+q is the value of the input feature map at channel c and spatial 
coordinates (i + p, j + q), Kc,p,q is the value of the convolutional kernel (filter) at channel  
c and coordinates (p, q), k is the size of the square kernel, p and q are iterators for the 
kernel’s height and width. They also employ inverted bottleneck blocks for compu-
tational efficiency:

	 F(X) = Conv1×1(DW Conv1×1(X))	 (4)

Furthermore, the use of GELU activation and Layer Normalization (which nor-
malizes features across channels ensures stable training and robust feature learning:
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Where x is the input feature for a given layer, E[x] is the mean of the input features 
over all channels for a single sample, Var[x] is the variance of the input features over 
all channels, ε is a small constant added for numerical stability to avoid division by 
zero, and γ and β are learnable scaling and bias parameters.

Cross-Attention Fusion: The fusion mechanism utilizes Multi-Head Attention 
(MHA), defined as:
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	 MHA (QA, KV, VV) = Concat (head1 …, headH)WO	 (7)

Where QA = audio queries, KV, VV = video keys/values, and WO ∈R256×256 projects 
concatenated heads. The final fused representation (F) is computed after the MHA 
stage by incorporating residual connections, Layer Normalization, and Dropout reg-
ularization to prevent overfitting:

	 F = LayerNorm (A + Dropout (MHA (QA, KV, VV)))	 (8)
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11	 APPENDIX B: IMPLEMENTATION AND TRAINING PARAMETERS

Visual Network Settings:

•	 Augmentation: Random rotations (±15°), horizontal flipping (p = 0.5), frame 
skipping (stride = 2), joint dropout (10%), Gaussian noise (N (0, 0.01)).

•	 Optimizer: Adam (b1 = 0.9, b2 = 0.999, λ = 1 × 10-4).
•	 Learning Rate: Initial 3 × 10-4, plateau-based reduction (factor = 0.1, patience = 5).
•	 Training: Batch size 32, 100 epochs, early stopping (patience = 10).

Aural Network Settings:

•	 Preprocessing: 25-ms frames with 10-ms hop size.
•	 Augmentation: SpecAugment (time warping, freq/time masking), Pitch shift 

(±2 semitones), Time stretch (±10%).
•	 Training: Batch size 5, Initial LR 3 × 10-4, (Cosine Annealing).

Fusion Network Settings:

•	 Regularization: Dropout (p = 0.5), Label Smoothing (α = 0.1), Gradient Clipping 
(max norm = 1.0).

•	 Training: Batch size 16, Initial LR × 10-4, (Cosine Decay).
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