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Abstract

Swallowing is a complex biomechanical process, and its impairment (dysphagia) poses major health
risks for older adults. Current diagnostic methods such as videofluoroscopic swallowing (VFSS) and
fiberoptic endoscopic evaluation of swallowing (FEES) are effective but invasive, resource-intensive,
and unsuitable for continuous monitoring. This study proposes a novel end-to-end RGB-D
framework for automated swallowing event localization in continuous video streams. The
framework enhances the AdaTAD backbone through three key innovations: (i) an RGD input
strategy that substitutes the noisy blue channel with depth information to capture subtle neck
movements, (i) a GRNConvNeXtAdapter that incorporates Global Response Normalization for
efficient temporal feature adaptation, and (iii) a Kolmogorov-Arnold Network (KAN) decoder that
leverages Chebyshev polynomials for non-linear temporal modeling. (iv) boundary regression head
and sinusoidal patch embedding to further optimize model precision. Evaluation on a proprietary
swallowing dataset comprising 641 clips and 3,153 annotated events demonstrated the effectiveness
of the proposed framework. We analysed and compared modification strategy across design of
adapter, decoder, input channel combination, regression method, and patch embedding technique.
The optimized configuration (VideoMAE + GRNConvNeXtAdapter + KAN + RGD + boundary
regression + sinusoidal embedding) achieved an average mAP of 83.25%, significantly surpassing the
baseline I3D + RGB + MLP model (61.55%). Ablation studies further confirmed that each architectural
component contributed incrementally to the overall improvement. These results establish the
feasibility of accurate, non-invasive, and automated swallowing event localization using depth-
augmented video. The proposed framework paves the way for practical dysphagia screening and
long-term monitoring in clinical and home-care environments.

Keywords: temporal action detection; computer vision; dysphagia screening; swallowing detection;
Kolmogorov-Arnold networks

1. Introduction

Dysphagia, characterized by difficulty in swallowing, is a significant geriatric syndrome
affecting more than half of older adults with dementia and is associated with a 13-fold increase in
mortality risk [1,2]. This condition impairs the natural swallowing process, which occurs
approximately 200 — 1000 times daily in healthy individuals [3], and can lead to severe complications
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including aspiration pneumonia, which is the third leading cause of injury deaths in older people [4].
The prevalence of dysphagia ranges from 25% in adults to 60% in residential care facilities [5,6],
imposing substantial economic burdens with median hospitalization charges exceeding $30,000 for
aspiration pneumonia cases [7]. Current diagnostic approaches using videofluoroscopic swallowing
(VFSS) and fiberoptic endoscopic evaluation of swallowing (FEES) are considered gold standards but
present significant limitations including invasiveness, patient discomfort, radiation exposure, high
costs, and requirements for specialized personnel [8]. These constraints make these assessment
unsuitable for routine screening or continuous monitoring.

As dysphagia represents a gradual aging process that deteriorates progressively with cognitive
decline and neurological disorders [9], continuous monitoring becomes essential to identify high-risk
stages for timely intervention. Wearable sensor-based screening systems accompanied with machine
learning or deep learning enable continuous monitoring using sensors such as inertial measurement
units (IMUs) with accelerometers and gyroscopes, electromyography (EMG) electrodes, acoustic
sensors, microphones, nasal airflow sensors, and strain sensors [10-13]. Although these systems show
promise as alternatives to traditional methods, they face significant challenges, including poor signal
quality, susceptibility to motion artifacts, and patient compliance issues, particularly among older
adults with dementia [10-13]. In contrast, computer vision represents an emerging trend that
addresses these limitations without requiring direct physical contact.

Computer vision approaches have emerged predominantly through conventional RGB camera
systems for non-contact dysphagia monitoring [11]. Sakai, et al. [14] developed a machine learning-
based screening test using image recognition from iPad cameras to assess sarcopenia dysphagia.
Similarly, Yamamoto, et al. [15] employed a compact 3D camera to detect lip motion patterns and
quantify swallowing dynamics during bolus flow in elderly participants. However, the performance
of RGB-based systems has been moderate [14]. This moderate performance can be attributed to the
inherent limitation that swallowing processes involving hyoid bone movement, laryngeal elevation,
and subtle soft tissue deformation in the neck region, are often too subtle for visual observation
through conventional RGB cameras alone. RGB-D (depth) cameras offer significant advantages by
providing three-dimensional (3D) spatial information that can capture subtle surface deformations
and movement patterns invisible to conventional cameras. Lai, et al. [16] successfully demonstrated
this approach using RGB-D cameras to create a comprehensive dataset of swallowing activities and
achieved an accuracy (F1-score) of 92% using Transformer X3D.

Despite its promising potential to address contact-based sensor limitations, computer vision for
dysphagia screening faces significant technical challenges that hinder its transition to real-world
monitoring. Current computer vision approaches, whether utilizing RGB or RGB-D modalities, are
predominantly constrained to pre-designed experimental protocols, such as the Comprehensive
Assessment Protocol for Swallowing (CAPS) [17], that focus on controlled swallowing and non-
swallowing (such as reading and dry-swallowing) tasks rather than naturalistic eating behaviors.
These studies typically require manual temporal segmentation and windowing of video sequences,
with researchers manually clipping specific swallowing events from longer recordings for analysis.
The absence of automated event detection in continuous video streams severely limits the potential
for ubiquitous screening scenarios, such as capturing and analyzing entire meal-taking processes
without human oversight.

Recent advances in computer vision have increasingly focused on temporal action localization
(TAL) models, which aim to precisely identify and temporally segment specific actions within
continuous video streams. TAL represents a fundamental paradigm shift from traditional frame-
based classification approaches toward comprehensive temporal understanding, enabling systems to
automatically detect when actions occur and determine their precise temporal boundaries without
manual intervention [18]. The evolution of TAL approaches has progressed through several distinct
paradigms, from early two-stage methods to sophisticated end-to-end. One-step approaches aim to
directly predict actions at the frame level without generating proposals, offering simplicity but often
struggling with long-range temporal dependencies. A notable example is the Convolutional-De-
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Convolutional (CDC) network, introduced by Shou, et al. [19], which places CDC filters on top of 3D
ConvNets that are effective for abstracting action semantics but reduce temporal length. Two-step
approaches involve generating temporal proposals and then classifying them. The paradigm is
exemplified by the Structural Segment Network that models the temporal structure of each action
instance via a structured pyramid and introduces a decomposed discriminative model with an action
classifier and completeness detector [20].

An end-to-end architecture for TAL is typically realized by integrating a feature extractor with
a localization head. A prominent example of this paradigm is ActionFormer, a state-of-the-art single-
stage detector [21]. It leverages a Transformer-based encoder to process multiscale feature
representations, employing local self-attention to efficiently model temporal context, followed by a
lightweight decoder that classifies each temporal moment and regresses the starting and ending
boundaries of the action [21]. Conventionally, ActionFormer operates on features pre-extracted by an
offline backbone, most notably I3D (Inflated 3D ConvNet) [22]. I3D adapts 2D convolutional kernels
for 3D spatiotemporal data by "inflating" them, enabling it to effectively learn motion patterns from
video and produce powerful, generic action features [22]. To create a more cohesive end-to-end
system, recent work like AdaTAD (Adapter Tuning for Temporal Action Detection) has explored
merging ActionFormer with adaptable backbones such as VideoMAE (Video Masked Autoencoder)
[23,24]. VideoMAE, a self-supervised model pre-trained via a masked autoencoding strategy, excels
at learning robust and instance-specific representations [24]. The key innovation of AdaTAD is its
adaptive framework, which allows the VideoMAE backbone to be efficiently fine-tuned alongside the
ActionFormer detector for the specific target dataset. However, this ambition of full end-to-end fine-
tuning introduces significant practical limitations. The computational demands and memory
requirements of jointly training these sophisticated architectures are substantial, and attempting to
update all parameters of a large pre-trained backbone like VideoMAE risks the catastrophic
forgetting of its valuable, generalized representations.

This challenge has driven the development and adoption of Parameter-Efficient Fine-Tuning
(PEFT) approaches as a solution [25]. In fact, the AdaTAD framework is a prime example of this
strategy in action [23]. Instead of full fine-tuning, PEFT methods enable the targeted adaptation of
pre-trained models by updating only a small subset of parameters or by inserting lightweight,
trainable modules (e.g., adapters) into the frozen backbone. This approach allows the model to
specialize in the downstream task while preserving the integrity of majority of its pre-trained
knowledge.

Most existing TAL models are designed and pre-trained exclusively on three-channel RGB
inputs, making it challenging to integrate modalities such as depth without significant architectural
modifications or retraining, especially in specialized domains like swallowing event localization To
address this limitation, our study proposes a novel framework that fine-tunes the model by
thoroughly examining five major components: the learnable adapter, the decoder, input
combinations, the regression method, and patch embedding techniques. We validate our approach
using a custom-built RGB-D video dataset of swallowing events, which we have meticulously
collected and annotated for this purpose.

2. Materials and Methods

2.1. Overview

This study introduces a novel, end-to-end framework for localizing swallowing events in
continuous RGB-D video streams. Our approach is built upon the AdaTAD architecture, which
couples a VideoMAE feature extractor with an ActionFormer-based detector. We systematically
enhance this baseline by exploring modifications across five key architectural components:

1. Temporal Feature Adapter: We conduct a comparative analysis of five Parameter-Efficient Fine-

Tuning (PEFT) adapters: the original BottleneckAdapter, InvertedConvNeXtAdapter,
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GRNConvNeXtAdapter, Adapter+, and Compacter, to optimize temporal feature learning while
the VideoMAE backbone remains frozen.

2. Decoder Head: We replace the standard Multilayer Perceptron (MLP) decoder in the detection
head with a Kolmogorov-Arnold Network (KAN) that utilizes Chebyshev polynomials,
hypothesizing it can better model the non-linear dynamics of swallowing.

3. Input Modality: To leverage depth information, we evaluate a channel substitution strategy
(RGD, RDB, DGB) and compare its performance against standard RGB and traditional early/late
fusion RGB-D methods.

4. Regression Method: We compare two strategies for boundary prediction: centerness-based
regression and direct boundary regression.

5. Patch Embedding: We assess the impact of different positional encoding techniques, specifically
comparing the standard sinusoidal positional encoding with Rotary Positional Encoding (RoPE).

The methodology unfolds in two main phases. First, we perform an initial ablation study on the
public THUMOS14 dataset to benchmark the performance of different adapter and decoder
combinations. Second, we transition to our proprietary swallowing dataset, where we evaluate the
complete set of modifications to identify the optimal configuration for domain-specific swallowing
event detection. Model performance is quantified using mean Average Precision (mAP) at various
temporal Intersection over Union (tloU) thresholds, with the final proposed models efficacy
validated against baseline models.

2.2 Data Acquisition and Labelling

Data was collected from 136 older adults at day centers and care homes. Half of the participants
(n = 68) were clinically diagnosed with dysphagia and followed a dysphagia diet at International
Dysphagia Diet Standardization Initiative (IDDSI) level 4 or below. The other 68 participants had no
dysphagia. Individuals with a history of neck surgery, tracheostomy, or feeding tube use were
excluded. Additionally, participants with cognitive impairments that hindered their ability to
understand, respond to, or comply with study requirements were deemed ineligible. The mean age
of participants was 85 + 7.4 years.

During the data acquisition phase, movements of the lower face and neck, including the lips,
mandible, and throat, were recorded during swallowing and non-swallowing tasks using an RGB-D
camera (Intel RealSense D435i, Intel Corp., Santa Clara, USA). As illustrated in Figure 1, participants
were seated in a neutral position with an eye-level marker on a table serving as a fixed reference point
to ensure consistent posture. The camera, set to 30 frames per second with a resolution of 480 x 848
pixels, was positioned on a table approximately 35 cm from the target anatomical regions and angled
at 45° relative to the horizontal plane to optimize visibility of the neck and mandible. All data were
stored on a connected computer. We adapted the Comprehensive Assessment Protocol for
Swallowing (CAPS) [17], but restricted the testing boluses to IDDSI levels 0 to 4 to reduce choking
risks associated with more solid textures, in accordance with the recommendations from our
occupational therapist. Participants performed tasks that included swallowing foods of varying
textures or non-swallowing activities, such as coughing or speaking, with each video capturing the
same action repeated five times consecutively.

Following data collection, an occupational therapist conducted a thorough manual review of the
footage to identify and isolate clips with clear depictions of swallowing and non-swallowing actions.
The therapist manually marked the timeframes for swallowing and non-swallowing events in each
video based on observations of the RGB and depth (D) video data, clipping the footage to focus on
these events. Videos were excluded if the camera view was obstructed, if involuntary participant
movements occurred during feeding, or if the precise temporal onset of the swallowing event could
not be determined. This curation process resulted in a final dataset of 641 complete video clips for
subsequent analysis.
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Figure 1. Experimental Setup for Data Collection. The participant was seated in a neutral position, with an
RGB-D camera placed on a table approximately 35 cm from the target anatomical regions (lips, mandible, and
throat) and angled at 45° relative to the horizontal plane. The left side of the figure shows an illustrative
screenshot displaying both the RGB and depth (D) channel outputs.

2.3. Data Processing

RGB data were utilized directly without additional processing. For depth data, we applied the
processing pipeline recommended by the Intel RealSense SDK to optimize data quality. Initially,
depth data were transformed into the disparity domain using a Depth-to-Disparity transform, which
facilitated subsequent filtering. To reduce spatial noise, an edge-preserving spatial filter was applied
in the disparity domain. Temporal consistency was enhanced, and noise further minimized, through
a temporal filter that leveraged information from previous frames in the disparity domain. Finally,
the processed data were converted back to the depth domain using a Disparity-to-Depth transform,
preparing them for subsequent analysis. Depth data were clipped at 1.0 m to suppress irrelevant
background disparity and focus on the near-field neck region, then rescaled to 8-bit to match the
dynamic range of RGB inputs. This choice standardized channel ranges while preserving salient
geometric features. Empirically, we observed negligible impact of alternative clipping thresholds
(e.g., 0.8 or 1.2 m) or higher quantization, indicating robustness of the normalization strategy.

2.4. Baseline Model Architecture

We developed an end-to-end TAL architecture through our modifications to the AdaTAD
framework, as baseline model illustrated in Figure 2. For feature extraction, we leverage VideoMAE
(Vision Transformer ViT) as the foundational backbone and pretrained on the Kinetic-400 dataset [26].

To enhance training efficiency and reduce memory usage, we implemented a parameter-efficient
fine-tuning (PEFT) approach that involves freezing the encoder of VideoMAE, thereby preserving its
powerful pre-trained representations, and strategically tuning a feature adapter [27]. This adapter is
crucial for capturing the dynamic temporal characteristics inherent in swallowing events.

To optimize the model for our data, we explored modifications on different parts, which include
exploring the best adapter, comparing detector head using MLP with KAN and finding the best input
channel combination. Further, after finding the best adapter, we fine-tuned the adapter by searching
for the optimal depth, scaling factor, with addition of residual connections.

We adopted AdaTAD for its ability to capture long-range dependencies via local self-attention
and hierarchical temporal pyramids, which scale efficiently compared to recurrent—convolutional
hybrids. While recurrent—convolutional systems remain viable [28], their sequential recurrence limits
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parallelism and increases training time. Our adoption of AdaTAD harnesses transformer efficiency
and enables parameter-efficient fine-tuning, achieving superior performance across numerous public
dataset benchmarks, it demonstrates superior results in many public dataset benchmarking tools.
Nevertheless, we will retain ActionFormer with I3D feature extraction as the baseline for model
comparison.
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Figure 2. Architecture of The Baseline AdaTAD. The model comprises a feature extractor utilizing the
VideoMAE-B backbone with a parameter-efficient fine-tuning (PEFT) encoder, followed by different temporal
feature adapters. The detector, adapted from the original ActionFormer, includes a classification head and a

regression head, implemented as a multilayer perceptron (MLP) via 1D convolution.

2.5. Adapter Exploration

We compare five recently proposed adapter designs.

BottleneckAdapter. This module follows the compress—process—expand paradigm originally
proposed for ResNet architectures and used in the AdaTAD baseline as the temporal-informative
adapter [23]. It begins with a downscaling convolution that reduces the channel dimension to one
quarter, followed by a SiLU (Sigmoid Linear Unit) activation (Figure 3a). A depthwise 1D
convolution with kernel size 3 then captures local temporal patterns. Channel-wise interactions are
introduced via a subsequent pointwise (1x1) 1D convolution. The output of these operations is added
to the downscaled features through a residual connection. An up-projection layer restores the original
channel dimension, and a second residual connection adds the result to the original input, enabling
efficient temporal modeling and stable optimization.

The InvertedConvNeXtAdapter, illustrated in Figure 3b, is inspired by the ConvNeXt block
design [29]. It begins with a down-projection layer that reduces the feature dimensionality, followed
by a depth-wise 1D convolution with a kernel size of 7, which efficiently captures long-range
temporal dependencies across channels. Layer normalization is applied to stabilize training. Next, a
patch-wise convolution expands the feature dimensionality fourfold, enhancing representational
capacity. A GELU activation introduces non-linearity, and a second patch-wise convolution projects
the features back to their original dimension. Finally, an up-projection layer restores the full
representation, and a residual connection adds the adapters input to its output, improving gradient
flow and enabling more effective learning.

GRNConvNeXtAdapter. Inspired by ConvNeXt V2 [30], this variant integrates a Global Response
Normalization (GRN) layer after the patch-wise convolutions. GRN adaptively normalizes features
based on their global response, improving information flow, generalization, and the modeling of
long-range dependencies while maintaining stable training. The remainder of the block follows an
inverted bottleneck structure, including an initial down-projection, depthwise convolution, GELU
activation, and up-projection, with a residual connection to preserve input information.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Adapter+ [31]. Following the Houlsby-style adapter, Adapter+ removes internal normalization
and employs channel-wise scaling to finely modulate the adapter’s contribution with negligible
overhead.

Compacter [32]. For the final variant, we implement Compacter, which replaces the down- and
up-projection layers with two low-rank parameterized hypercomplex multiplication (LPHM) layers.
Instead of learning full weight matrices, each LPHM layer constructs its weight matrix as a sum of
Kronecker products between shared “slow” weights and adapter-specific “fast” rank-one weights.
This reduces parameter complexity from O(kd) in standard adapters to O(k + d). Concretely, A
matrices are shared across layers to capture general adaptation knowledge, while B matrices are
parameterized in low rank to model layer-specific adaptations.

4 1 )

Y

I Down-Projection I

SiLu

Down-Projection

Depth-wise Conv
(Kernel Size: 7)

Layer Norm

Patch-wise Conv1

GELU

Patch-wise Conv2
Up-Projection

Down-Projection

Depth-wise Conv
(Kernel Size: 3)

Up-Projection
Channel-wise Scaling

\@ VAN
|
(

. .
v

| | Shared Weight Matrix

— Low Rank Weight Matrix
| ?
a) (b) (© (d) (e)

Figure 3. Temporal feature adapter configurations: (a) BottleneckAdapter; (b) InvertedConvNeXtAdapter; (c)
GRNConvNeXtAdapter; (d) Adapter+; (e) Compacter.

Following feature extraction, the processed features are fed into the detection component, which
is based on the ActionFormer framework (Figure 2). It begins with two convolutional layers to project
the input features before passing them to the transformer encoder. Its encoder consists of seven
transformer blocks, each employing local attention mechanisms to efficiently capture temporal
dependencies. Notably, the last five transformer blocks apply 2x downsampling, progressively
reducing temporal resolution to facilitate multi-scale temporal modeling. This architectural design
creates a hierarchical feature pyramid across multiple temporal scales. Both the classification and
regression heads operate on these multi-level features, enabling precise temporal action localization
by capturing and integrating information at different temporal resolutions.

2.6. Decoder Selection

We specifically focus on tuning the decoder within ActionFormer to optimize its performance
for event localization. Apart from the baseline multilayer perceptron (MLP) layer, we examine a more
recent powerful alternative based on the KAN theorem. The KAN theorem establishes that any
multivariate continuous function can be represented as a finite sum of univariate continuous
functions, providing a powerful theoretical foundation for modeling complex, high-dimensional
relationships [33]. We explored the use of KAN in the decoder based on the hypothesis that it can
better capture the inherent spatial and temporal coherence present in video data. This continuity
property may enable the KAN-based decoder to exploit underlying structures in the data more
effectively, potentially leading to improved model performance in temporal action localization.
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To detail the core transformation, the input is first normalized to the range [-1,1] by applying a
hyperbolic tangent activation (1).

A = tanh (X) 1)

The main mechanism lies the generation of Chebyshev polynomials as feature expansions [34].
For the normalized input A, the process proceeds as follows: Let k = [0,1,...,D] represent the set of
polynomial degrees considered. For each value of k, the Chebyshev polynomial of order k is
computed using the identity (2).

6 = arccos(clamp(4,—1 +¢€,1 —€)), P, =cos (k-0) (2)

where € is a small positive value to ensure numerical stability. This step expands the channel
dimension of the input from its original value to (D+1) times larger, producing a polynomial feature
space P.

A standard convolutional operation with learnable weights W is then applied to P, as shown in

3):
Z = Conv(P; W) 3)

Finally, the features are passed through a normalization layer, and optionally a dropout layer,
to improve training stability and generalization (4).

Y = Dropout(Norm(Z)) 4

This module ultimately replaces the traditional 1D convolutional layer of MLP in the model,
serving as the core component for classification and regression tasks.

For inference, the model processes input video streams in fixed windows of 768 frames,
segmenting each window into 48 non-overlapping temporal chunks, each comprising 16 consecutive
frames. These chunks are individually encoded by the backbone network, after which their
corresponding feature maps are concatenated along the temporal dimension. To ensure temporal
alignment with the original input, the concatenated features are subjected to spatial pooling and then
temporally interpolated back to the full 768-frame resolution. The resulting unified feature map is
subsequently fed into a streamlined ActionFormer detection head, which outputs precise temporal
boundaries for each action instance within the sequence.

For training, the model is optimized using the AdamW algorithm, employing a learning rate
schedule that combines an initial linear warm-up phase with subsequent cosine decay. The learning
rates are set to 1 x 10 for the detection head and 2 x 10 for the adapter modules, reflecting the
differential adaptation needs of these components.

2.7. Data Input Strategy

The regression head is responsible for precisely localizing the temporal boundaries of a detected
swallowing event. To identify the most effective approach for this task, we compared two distinct
regression strategies. The first is centerness-based regression, which predicts a single value for each
temporal location within a potential action. This "centerness" score quantifies how close a given point
in time is to the center of the action instance, effectively down-weighting predictions from locations
near the start or end boundaries, which are often less reliable. The second strategy is boundary-based
regression, which, for each temporal position, directly predicts two values: the distance to the actions
starting boundary (onset) and the distance to its ending boundary (offset). Both regression heads
share the same bottleneck architecture as the classification head —comprising three 1D convolutional
layers with kernel sizes of 1, 3, and 1—and operate across all levels of the temporal feature pyramid
to enable multi-scale boundary prediction. Our experiments systematically evaluated both methods
to determine which provided more accurate temporal localization for swallowing events.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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2.8. Data Input Strategy

To utilize depth channel data, we substituted each individual channel with the depth channel,
creating RGD, RDB, DGB inputs. Recognizing that the blue channel may offer less salient information
in certain imaging scenarios, we hypothesized that incorporating depth would provide more
informative spatial cues for localizing swallowing events. The performance of the RGD input was
then compared to the standard RGB configuration.

In addition to depth substitution, we implemented early and late fusion baselines. Early fusion
applied a convolutional layer to project the four-channel RGBD input into a three-channel
representation, preserving compatibility with pre-trained backbones. Late fusion processed RGB and
depth streams independently and fused them in feature space before the detection head, mimicking
the dimensionality of the RGB backbone output. These baselines provide fair comparisons for
evaluating the effectiveness of our substitution strategy.

2.9. Patch Embedding Method

Sinusoidal Positional Encoding: In the context of transformer-based models applied to image
processing tasks, such as image classification or object detection, sinusoidal positional encoding
serves as a mechanism to incorporate spatial positional information into the model. Transformers,
originally designed for sequential data like text, lack an inherent understanding of the two-
dimensional spatial arrangement of pixels or patches in images. Sinusoidal positional encoding
addresses this by assigning each image patch or pixel to a unique positional vector, generated using
fixed, periodic mathematical functions. These vectors create a structured pattern that allows the
model to distinguish the relative positions of patches, such as whether one patch is to the left or above
another. This is particularly critical in vision transformers, where the model must capture spatial
relationships to understand image content effectively. However, the fixed nature of sinusoidal
encodings limits their adaptability to diverse image sizes or task-specific spatial patterns, potentially
constraining performance in complex visual tasks.

Rotary Positional Encoding (RoPE): Rotary Positional Encoding (RoPE) represents an advanced
approach to embedding positional information in transformer models for image processing, offering
improved flexibility over traditional sinusoidal encodings. In vision tasks, RoPE integrates positional
information by applying rotation transformation to the feature representations of image patches or
pixels, effectively encoding their relative spatial relationships. Unlike sinusoidal encodings, which
rely on adding separate positional vectors, RoPE modifies the attention mechanism itself by rotating
the query and key vectors based on their positions in the image grid. This rotation-based approach
preserves the relative distances between patches, enabling the model to better capture spatial
dependencies, such as the arrangement of objects in an image. RoPE’s ability to generalize across
varying image sizes and its computational efficiency make it particularly effective for tasks like image
segmentation or scene understanding, where precise spatial awareness is essential, often
outperforming sinusoidal encodings in modern vision transformer architectures.

2.10. Model Training

Training used AdamW (Ir 1e—4 for detection head, 2e—4 for adapters; weight decay 0.05). The
backbone was frozen. A linear warmup over 5 epochs transitioned to cosine decay. Gradient clipping
was applied at 1.0. Maximum training was 100 epochs, with convergence reached by epoch 60. Mixed
precision was enabled, batch size was 2, and 20 data loader workers were used. EMA tracking and
static graph optimization were applied. Experiments ran on Nvidia RTX 4090, with 24GB VRAM.
BatchNorm was retained for compatibility with pre-trained weights, despite small batch sizes.

2.11. Model Evaluation

Before adapting our framework to the specific domain of swallowing events, we conducted a
comprehensive evaluation and ablation study on the THUMOS14 dataset [35]. This dataset, widely
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recognized for its action recognition and temporal localization challenges, serves as an ideal
benchmark for validating the core components of our modified ActionFormer. The primary objective
of this phase is to assess and select the optimal configurations for both the temporal feature adapter
(BottleneckAdapter, InvertedConvNeXtAdapter; and GRNConvNeXtAdapter) and the decoder
(MLP vs. KAN). I3D (Inflated 3D ConvNet) [22], trained over 35 epochs, served as the baseline model
for comparative analysis.

Following the successful benchmarking on THUMOS, we adapted and trained the model on our
proprietary RGB-D swallowing dataset. A total of 641 video clips were collected, each with a mean
duration of approximately 27 seconds (Table 1). Some clips appeared lengthy because they included
both the preparatory and recovery phases of the event. Patients with dysphagia may require extra
time to clear any residue, which contributed to the extended duration. These clips contained 3,153
annotated episodes encompassing both swallowing and non-swallowing events. Model evaluation
was conducted using a training-testing split of approximately 80% and 20%, respectively. 13D
(inflated3D ConvNet) and the original AdaTAD served as the baseline models for comparative
analysis

Table 1. Dataset composition and descriptive statistics for the RGB-D swallowing video, stratified by training

and testing set.

Data metric Training Testing Total
No. of video clips 512 (79.88%) 129 (20.12%) 641
Total duration (min) 229.6 55.17 284.71
Mean (SD) duration (s) 26.90 (20.92) 25.66 (20.02) 26.65(20.75)
Max duration (s) 150.80 122.22 -
Min duration (s) 4.74 7.04 -
Annotated swallowing events 1091 260 1351
Annotated non-swallowing events 1427 375 1802
Total No. of events 2518 (79.86%) 635 (20.14%) 3153

SD: standard deviation.

Performance was assessed using the mean Average Precision (mAP) metric, computed at
multiple temporal Intersection over Union (tloU) thresholds of 0.1 to 0.5 on THUMOS and 0.1 to 0.7
on domain adaptation, as well as by averaging the mAP scores across these thresholds. For each tloU
threshold, the Average Precision (AP) for each action class was determined by matching predicted
action segments to ground truth segments; a prediction was considered correct if its tloU with a
ground truth segment exceeded the threshold. Precision and recall were evaluated at various
confidence score thresholds, with AP calculated as the area under the resulting precision-recall curve.

3. Results

3.1. Benchmarking and Initial Ablation

We evaluated our proposed model configurations against several baselines to assess the
effectiveness of architectural modifications using the THUMOS dataset (Figure 4). Baseline systems
included the ActionFormer (I3D+RGB) with its original detection head, as well as a variant where the
original 1D convolutional (MLP) detection head was replaced with a KAN. For AdaTAD, we
compared the original architecture (VideoMAE + BottleneckAdapter + MLP) with our modified
versions and also examined variants in which the adapter module was removed to align with baseline
settings.

Across all experiments, replacing the convolution (MLP) decoder with a KAN decoder
consistently degraded performance. For example, the KAN-equipped ActionTransformer achieved
an average mAP of 68.7%, compared to higher scores achieved by MLP-based counterparts. In
contrast, our modified AdaTAD models with MLP decoders achieved substantially stronger results,

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0294.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 October 2025 d0i:10.20944/preprints202510.0294.v1

11 of 18

with average mAPs ranging from 74% to 75%, outperforming the baselines, including the original
AdaDAT. Among adapter designs, both the proposed InvertedConvNeXtAdapter (83.3% mAP) and
GRNConvNeXtAdapter (83.5% mAP) slightly outperformed the original BottleneckAdapter (82.5%
mAP), indicating that the new adapters provide modest yet consistent gains over the established
design. Since ICNA and GRNNA have similar performance, to facilitate further evaluation, we will
omit InvertedConvNeXtAdapter in section 3.2.
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Figure 4. Performance of ablated modified AdaTAD compared with baseline models in the benchmark
THUMOS dataset. BNA: BottleneckAdapter; GRNNA: GRNConvNeXtAdapter; I3D: Inflated 3D ConvNet;
ICNA: InvertedConvNeXtAdapter; KAN: Kolmogorov-Arnold Network; mAP: mean average precision; MLP:

multilayer perceptron via 1D convolution; tloU: Intersection over Union; VMAE: Video Masked Autoencoder.

3.2. Domain Adptation and Model Performance

Overall, VideoMAE substantially outperformed I3D as the feature extractor, with average mAP
improving from 61.55% (I3D + MLP + RGB baseline) to 82.50% when paired with the
GRNConvNeXtAdapter ~and boundary regression. Among adapter designs, the
GRNConvNeXtAdapter yielded the highest performance (82.50%), consistently surpassing the
BottleneckAdapter (81.65%), Adapter+ (81.91%), and Compacter (77.76%). For the decoder, the
Kolmogorov—Arnold Network (KAN) offered moderate gains over the baseline MLP in domain-
specific settings, improving the average from 81.27% (MLP) to 82.50% (KAN).

The RGD substitution achieved 82.63% average mAP, exceeding RGB (81.72%), RDB (81.27%),
DGB (81.50%), and both early and late fusion baselines (78.60-81.83%). Although the average gain
over RGB is modest (~0.9 pp), it was consistent across thresholds, with greater benefit at stricter tloUs
(0.5-0.7). Importantly, our dataset spanned two hostel environments with differing ambient
illumination, demonstrating robustness across real-world variability without environment-specific
retraining. Compared with early and late fusion, RGD matched or exceeded performance while
avoiding dual-stream complexity and additional GPU memory cost.

In terms of input modality, substituting the noisy blue channel with depth (RGD) produced
superior mAP (82.63%) compared to RGB (81.72%), RDB (81.27%), DGB (81.50%), or late/early RGBD
fusion (78.60-81.83%). For regression strategies, boundary-based regression consistently
outperformed centerness, achieving 82.50% compared to 81.27%. Finally, for patch embeddings,
sinusoidal positional encoding yielded higher average mAP (82.50%) than rotary embeddings (RoPE,
81.83%).

Taken together, the optimal configuration comprised VideoMAE + GRNConvNeXtAdapter +
KAN decoder + RGD input + boundary regression + sinusoidal embedding, achieving an average
mAP of 82.50%, representing a clear improvement over the baseline I3D + RGB + MLP model
(61.55%).
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Figure 5. Performance of ablated modified AdaTAD compared with baseline models in the swallowing
dataset. BNA: BottleneckAdapter; GRNNA: GRNConvNeXtAdapter; I3D: Inflated 3D ConvNet; ICNA:
InvertedConvNeXtAdapter; KAN: Kolmogorov-Arnold Network; mAP: mean average precision; MLP:
multilayer perceptron; TFA: temporal feature adapter; tloU: temporal Intersection over Union; VMAE: Video
Masked Autoencoder. RGBD_E: RGB-D with early fusion; RGBD_L: RGB-D with late fusion.

3.3. Adapter Fine-Tuning

After identifying the GRNConvNeXtAdapter as the most effective temporal adapter, we
performed a systematic fine-tuning to determine its optimal depth, MLP scaling factor, and the use
of residual connections. Figure 6 reports the detailed performance across temporal IoU thresholds
(0.1-0.7). Several key trends emerged.

First, increasing the adapter depth improved mAP up to 4 layers, with average performance
peaking at 83.25% (Depth = 4, Scale = 2, Residual = No). Beyond 4 layers, deeper settings (6 layers)
generally reduced mAP to approximately 81-82%, suggesting over-parameterization and
optimization instability. Second, enlarging the scaling factor of the MLP improved representational
capacity: mAP rose from 82.53% (Scale = 0.5) to 83.25% (Scale = 2), while further expansion to 4x led
to reduced or inconsistent gains (<82%). Third, enabling residual connections enhanced robustness at
stricter thresholds (tloU = 0.6), yielding up to 74.47% at tloU 0.6 and 61.86% at tloU 0.7 (Depth = 4,
Scale = 4, Residual = Yes), compared to 72.05% and 59.07% under the corresponding non-residual
setting.

We evaluated the Kolmogorov—Arnold Network (KAN) decoder with Chebyshev degree D = 3.
Compared to the MLP head, KAN offered small but consistent gains on the swallowing dataset
(82.50% vs. 81.27% average mAP). The trade-off was modestly higher runtime and memory footprint,
though still feasible for research-scale inference. Extended experiments varying D showed stable
results, with D = 3 providing a good balance between accuracy and efficiency.

Overall, the best-performing configuration was achieved with Depth = 4, Scale = 2, with or
without residuals, reaching an average of 83.25% (No residual) and 82.95% (With residual),
outperforming both shallower or deeper variants as well as alternative adapters such as
BottleneckAdapter, Adapter+, and Compacter.

We systematically evaluated the impact of different feature extractors, adapter modules,
decoders, input channel configurations, regression heads, and patch embedding strategies on
swallowing event localization. Subsequent to the best model architectural combination, we further
fine-tune the adapter configurations based on depth, scaling factor, and addition of residual
connection. The detailed results are summarized in Figure 5.
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Figure 6. Performance of ablated fine-tuned GRNConvNeXtAdapter compared with modified model in the

swallowing dataset. mAP: mean average precision; tloU: temporal Intersection over Union;.

4. Discussion

We present a novel end-to-end RGB-D framework for swallowing event localization that
addresses the limitations of purely RGB-based methods. Our core contributions include the proposal
of GRNConvNeXtAdapter, which outperforms other existing adapters, and the RGD input strategy,
which replaces the noisy blue channel with depth information to capture subtler 3D spatial cues
critical for swallowing detection. Experimental results demonstrated significant performance
improvements resulting from both the adapter enhancement and the use of RGB-D input. While the
KAN decoder did not show any advantage over the existing decoder on the benchmark THUMOS
dataset, it outperformed in our proprietary dataset, highlighting its potential in domain-specific
applications.

The superior performance of the GRNConvNeXtAdapter can be attributed to its integration of
the Global Response Normalization (GRN) layer from ConvNeXt V2, which addresses a critical
architectural limitation compared to the BottleneckAdapter. While both adapters enhance temporal
feature adaptation, the GRN layer in GRNConvNeXtAdapter employs a three-step mechanism—
global L2-norm feature aggregation, divisive normalization for inter-channel competition, and
feature calibration—that effectively prevents feature collapse and promotes channel diversity [30].
This mechanism enables adaptive re-calibration of feature channels based on their global response,
making them more discriminative for complex temporal patterns inherent in swallowing event
detection. Additionally, the GRNConvNeXtAdapter benefits from the larger 7x1 depth-wise
convolution kernel that captures longer-range temporal dependencies more effectively than
traditional bottleneck designs [30]. The combination of enhanced inter-channel feature competition
through GRN and improved temporal modeling creates a more robust architecture that learns
balanced and informative representations across all feature channels, leading to superior swallowing
event localization performance without additional computational overhead.

The superior performance of RGD input over other channel combinations can be attributed to
the replacement of the inherently noisy blue channel with highly informative depth data that captures
critical three-dimensional spatial information essential for swallowing event detection. This approach
is inspired by the principles of video photoplethysmography (vPPG), where research consistently
demonstrates that the red and green channel provides the strongest plethysmography signals due to
haemoglobin absorption characteristics, while the blue channel is typically the most susceptible to
noise and provides minimal physiological information [36]. Removing the red channel resulted in a
degradation of performance, which aligns with the findings of video photoplethysmography (vPPG)
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theory. Similarly, in digital imaging systems, the blue channel suffers from lower sensor sensitivity
and greater light scattering [37,38], making it a prime candidate for replacement. By substituting the
blue channel with depth information, the RGD approach provides the model with spatial cues that
enable accurate capture of soft tissue deformations and movement patterns in the neck region, critical
features that are often invisible or poorly represented in conventional 2D RGB imagery.

Although the improvement of RGD over others is numerically small, it is consistent and
particularly evident at stricter thresholds. This non-invasive inspection modality reveals structural
information invisible to conventional imaging. Depth complements RGB by exposing geometric cues
(soft tissue deformation, laryngeal elevation) not reliably captured by color channels alone.

Initial benchmarks on the THUMOS dataset showed that KANs offered no clear advantage over
MLP, likely due to KANs” higher computational overhead and the relatively simple or general nature
of video data in THUMOS. However, in our swallowing event localization experiments using
specialized RGBD data, KANs outperformed MLPs, likely because the complex feature space of
RGBD data better leverages KANs’ advanced representational capacity. The compositional structure
of KANs and their flexible, learnable activations appear especially adept at capturing the subtle,
localized non-linear dynamics of swallowing events, making their theoretical strengths practically
beneficial in this domain despite computational challenges.

Directly training a fully end-to-end RGB-D model is hindered by the mismatched characteristics
of RGB and depth data—different resolutions, noise profiles, and bit depths—and the enormous
computational and memory demands of processing two high-dimensional video streams
simultaneously. As a result, many workflows resort to a pseudo end-to-end pipeline, with RGB-D
features extracted or pre-trained separately before being fused in a downstream detector, which
prevents joint optimization of multimodal representations. In this study, we followed the parameter-
efficient fine-tuning strategy of AdaTAD by freezing a pre-trained backbone and inserting
lightweight adapters that we modify, thereby preserving learned knowledge, drastically reducing
resource requirements, and enabling effective adaptation to RGD swallowing event localization
without the prohibitive costs of full end-to-end retraining. Additionally, we attempted to
accommodate all RGB-D channels by early and late fusion, despite the performance is worse than the
RGD combination.

In our study, we evaluated model performance using mAP at tloU thresholds ranging from 0.1
to 0.7, align with the conventional range of 0.3 to 0.7 used in some other localization studies [39,40].
This choice was deliberate, catering both temporal accuracy and precise temporal boundary
delineation. Our decision to modify the AdaTAD architecture was driven by its demonstrated
strength in achieving high temporal accuracy, which is well-suited for detecting the core dynamics
of swallowing events, such as hyoid bone elevation, typically occurring in the central portion of the
video sequence. In contrast, models like TALLFormer [41], which emphasize precise temporal
boundary prediction, often demand significantly greater computational resources, making them less
practical for our application. Given that the primary features of swallowing, such as laryngeal
elevation and hyoid movement, are most prominent in the middle of the event, precise boundary
localization is less critical.

Annotation transparency is central to clinical adoption. We defined swallowing onset as the first
frame of rapid laryngeal elevation and offset as the return to baseline hyoid position. An occupational
therapist performed primary annotations, which were checked by research staff, and disagreements
were resolved by consensus. While formal inter-annotator agreement statistics were not computed, a
limitation of the present work, the protocol ensured clear onset/offset identification.

Swallowing is inherently biomechanical, governed by coordinated soft tissue and skeletal
dynamics. Future research should integrate finite-element (FEM) simulations to provide motion
priors or synthetic sequences that improve interpretability and generalization. Such simulations
could align predicted trajectories with physiological expectations, thereby enhancing both
performance and clinical credibility.
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The choice of preprocessing also warrants consideration. Depth clipping to 1.0 m and rescaling
to 8-bit were pragmatic design decisions that standardized dynamic range and suppressed irrelevant
background disparity. Empirically, these steps preserved salient spatial features, with negligible
observed impact on performance. Cross-validation was not conducted due to compute limitations
and the substantial annotation effort required for our dataset; instead, an 80/20 stratified split was
employed, consistent with standard practice in temporal action detection.

Our experiments also provide insight into decoder trade-offs. The Kolmogorov—Arnold
Network (KAN) with Chebyshev degree D = 3 yielded gains over MLP on the swallowing dataset,
albeit at modest runtime and memory overheads. While KANs did not outperform MLPs in general-
purpose video benchmarks, their compositional flexibility appears advantageous in specialized
biomedical settings. Exploring alternative KAN variants, such as Fourier- or spline-based
formulations, may further expand their utility.

Finally, qualitative analysis highlights that while temporal saliency visualization methods (e.g.,
Grad-CAM) are less informative for dense action localization tasks, case-level inspection remains
valuable. We observed scenarios where RGD corrected errors made by RGB alone, particularly under
variable lighting and subtle tissue motion. These examples reinforce the role of depth in providing
robust cues that generalize across naturalistic monitoring conditions. In home-based deployment
scenarios, however, numerous uncontrolled factors, such as ambient lighting variability and sensor
placement, can degrade performance. A generalized Al model is therefore needed to enhance
robustness across heterogeneous environments. Optimization of medical devices is crucial for the
efficiency of healthcare treatments [42], and future research should focus on building adaptive
systems capable of handling these dynamic, real-world conditions.

There were several limitations to be noted. Due to strict computational power constraints, batch
normalization was applied with an extremely small batch size of two, which is suboptimal. This is
due to the This setting results in unstable batch statistics, introducing noise and hindering effective
training and generalization [43]. A promising remedy in future work is video-specific patch/token
compression (e.g., token merging or learned patch compression) to reduce visual tokens per frame,
lowering memory usage and enabling larger BN batches or normalization methods less sensitive to
batch size. Additionally, our use of KAN was limited to a Chebyshev polynomial-based variant, yet
various KAN architectures exist [44], each with strengths tailored to different data characteristics (e.g.,
Fourier KANs [45], B-spline KANSs [33]). Currently, selecting the optimal KAN type lacks systematic
guidelines and often relies on empirical testing, increasing computational demands [44]. Advancing
automated or adaptive KAN selection strategies or developing theoretical insights into basis function
suitability for specific tasks represents a crucial direction for future research.

5. Conclusions

This study introduced an end-to-end RGB-D framework for swallowing event localization that
overcomes key limitations of RGB-only approaches in dysphagia monitoring. We enhanced the
AdaTAD backbone through three innovations: (1) an RGD input strategy replacing the noisy blue
channel with depth information to capture subtle soft-tissue deformations, (2) a
GRNConvNeXtAdapter incorporating Global Response Normalization for improved temporal
feature adaptation, (3) a Kolmogorov-Arnold Network (KAN) decoder leveraging Chebyshev
polynomials for non-linear temporal pattern recognition, and (4) a boundary regression head and
sinusoidal patch embedding method to further optimize model precision

Comprehensive evaluation on our proprietary swallowing dataset (641 clips, 3,153 events)
demonstrated substantial improvements. The optimized configuration (VideoMAE +
GRNConvNeXtAdapter + KAN + RGD + boundary regression + sinusoidal embedding) achieved an
average mAP of 83.25%, compared with 61.55% for the baseline I3D + RGB + MLP model. Ablation
studies confirmed that each component—depth substitution, adapter design, regression strategy, and
embedding choice—contributed incrementally to the overall performance.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0294.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 October 2025 d0i:10.20944/preprints202510.0294.v1

16 of 18

These findings establish the feasibility of precise, automated temporal localization of swallowing

events in continuous video streams without manual segmentation. By combining architectural
innovations with a principled modality substitution, this framework advances the development of
non-invasive, real-world dysphagia screening tools, supporting future deployment in clinical and
home-care monitoring.
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