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Abstract

Egocentric Action Recognition (EAR) has emerged in recent years as a new area
of research due to the increasing use of wearable devices such as AR glasses. These
devices face significant challenges in real-time action recognition due to limited
computational resources and the need to preserve battery life for an optimal user
experience. This project focuses on optimizing the trade-off between prediction
performance, inference speed, and CPU usage for action recognition systems. By
leveraging sequences of RGB frames and 3D hand pose keypoints, we explore
how reducing the sampling frequency of these modalities affects performance,
speed, and resource usage. Our approach aims to enable efficient real-time action
recognition on AR glasses without compromising user experience and battery life.
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CHAPTER 1

Introduction

Since the advent of head-mounted devices, researchers and industries have shown
increasing interest in using videos captured by wearable cameras to extract valu-
able information. Among these, AR glasses such as Magic Leap 2 stand out
as devices that integrate digital information into the user’s view of the physi-
cal world. Leveraging the data captured by these glasses can unlock numerous
applications, ranging from task assistance to personalized recommendations and
contextual awareness.

Given the inherent differences between the exocentric and egocentric points
of view, recognizing actions from egocentric data has evolved into a distinct re-
search field known as Egocentric Action Recognition (EAR). EAR enables devices
to understand the wearer’s actions, enhancing the user experience by providing
downstream modules, such as recommendation systems or digital assistants, with
insights about the wearer’s behavior and context.

However, EAR presents unique challenges due to the variability of egocentric
viewpoints, occlusions, and limited computational resources on wearable devices.
For AR glasses, computational efficiency, measured in terms of inference speed
and battery life, is paramount. These devices must deliver real-time performance
while maintaining long battery life, ensuring practical usability.

This project addresses these challenges by focusing on real-time, accurate,
and efficient action recognition tailored for AR glasses. Head-mounted devices
often lack access to dedicated hardware acceleration and must instead rely on lim-
ited, shared computational resources. This constraint makes achieving real-time
action recognition on the CPU particularly challenging. Vision models, which
are essential for extracting valuable cues from the RGB modality, are especially
demanding in terms of computational resources. They rarely achieve real-time
performance on a CPU, which makes deploying action recognition systems on AR
glasses even more challenging. Furthermore, minimizing CPU usage is critical to
preserving battery life, a key factor for ensuring the usability of AR glasses in
real-world applications.

Our approach leverages sequences of RGB frames and 3D hand pose key-
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points to predict the current action, aiming to optimize both inference speed and
resource efficiency. We analyze the impact of reducing the sampling frequency of
these modalities on performance, speed, and CPU usage, exploring the trade-offs
between these competing requirements through design choices and experimental
results.



CHAPTER 2

Background

Most research on EAR, builds upon the idea that objects are the most important
mode for accurate action recognition. In the EAR field, objects indeed posses
properties that make them extremely valuable cues: first, identifying active ob-
jects —those being acted upon— is often key to distinguishing actions; second,
manipulated objects typically lie within the observable space. However, focusing
solely on object detection in visual understanding may overlook valuable envi-
ronmental and interaction-based information.

While object appearance plays a significant role in egocentric action recogni-
tion, it is not the only important cue. Researchers have explored alternative ego-
centric data modalities, such as head pose, hand pose, and gaze direction, which
provide unique insights from the egocentric viewpoint. Existing approaches in
the field of EAR are discussed further in Section 2.1, while Section 2.1.3 offers an
overview of egocentric datasets. Lastly, Section 2.2 describes the vision backbone
models employed in this project.

2.1 Egocentric Action Recognition

The literature on Egocentric Action Recognition (EAR) can be categorized in var-
ious ways. For instance, [1]| classifies approaches into three primary categories:
Object-based, Motion-based, and Hybrid methods, with a residual category la-
beled as others for works that do not fit into these groups. However, for the
purposes of this work, a more suitable taxonomy focuses on two classes: Single-
modality systems and Multi-modal systems.

In this work, we define a multi-modal system as one that incorporates distinct
data modalities provided explicitly as input, where each modality represents a
unique and independent source of information. These modalities are typically
processed separately and later fused to form a richer representation. Examples
include systems that leverage RGB frames alongside optical flow, depth data, or
gaze direction, with each provided as an input to the model and originating from
an external model independent of the main action recognition task.
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By contrast, single-modality systems rely on a single data source, such as
RGB frames, and may include intermediate features generated within the model
pipeline (e.g., segmentation masks, bounding boxes, or motion cues). Such fea-
tures are not considered separate modalities because they are derived from the
primary input and computed as part of an end-to-end processing pipeline.

For example, if 3D hand pose data is pre-computed by a separate hand-
tracking system that is not jointly trained with the action recognition model, it
is treated as an independent data modality. In contrast, if the 3D hand pose
is generated by a model that is also trained on the recognition loss, it is not
regarded as a separate modality.

2.1.1 Single-Modality Models

Several studies in the field of Egocentric Action Recognition have explored using
a single data source for prediction. For example, [2, 3] adopt a Bag-of-Objects
approach that relies exclusively on the RGB modality for object detection. Both
works differentiate between objects being actively manipulated by the subject and
those that are not. Similarly, [4] proposes a method that generates frame-level
feature vectors from object detections obtained using YOLO [5].

While object detection has demonstrated promising results in action recog-
nition tasks, alternative methods focus on feature extraction directly from RGB
data. For instance, [6] combines a 2D CNN for single-frame feature extraction,
a 3D CNN for integrating spatial features across two consecutive frames, and a
convLSTM |[7] for temporal aggregation. Inspired by optical flow-based meth-
ods, [6] also investigates the use of frame differences as input instead of raw
frames. This approach is shown to achieve competitive performance compared
to multi-modal models. On the other hand, |8 operates directly on optical flow,
processing motion information stacked over 4 seconds of video. While this model
exclusively uses optical flow, many successful multi-modal architectures combine
optical flow features with appearance-based features (see Section 2.1.2).

Though numerous works on single-modality EAR have demonstrated that
the RGB modality alone can yield competitive results, an interesting research
question is whether actions can be predicted solely from hand pose information,
without relying on appearance or the identity of active objects. For instance, |9]
utilizes ground truth hand segmentation to mask out all non-hand background,
feeding the resulting frames into a CNN for action recognition. Similarly, [10]
employs a Spatio-Temporal Graph Convolutional Network to process sequences
of hand skeleton data points. This architecture draws inspiration from [11], which
successfully applies a graph neural network for exocentric action recognition us-
ing full skeleton data. Although these models do not produce perfect results,
they demonstrate a significant correlation between hands and egocentric actions,
supporting the use of hand-related data for EAR.
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2.1.2 Multi-Modal Models

The primary limitation of single-modality systems is their reliance on a single data
source to learn complex properties such as object identity, state changes, hand-
object interactions, and motion. As a result, they may fail to capture critical cues
that are intrinsic to egocentric action recognition. Multi-modal models address
this limitation by incorporating additional data modalities as input.

Figure 2.1 illustrates a typical architecture of a multi-modal system. Each
modality is processed through a dedicated feature extractor, and the resulting
feature vectors are fused to make a final prediction.

A widely used multi-modal system is the two-stream architecture, initially
proposed in [12] for third-person action recognition. This model consists of two
streams, one for processing RGB frames, and the other for processing stacked op-
tical flow. This design allows the RGB stream to capture single-frame appearance
features, while the optical flow stream learns motion patterns across a sequence
of frames. [13, 14, 15, 16, 17, 18] have adapted the two-stream architecture for
egocentric action recognition. For instance, [14| proposes a model that jointly
performs gaze estimation and egocentric action recognition. This two-stream
model produces a gaze map as an intermediate output, which is then used as an
attention map to refine the visual features. While ground truth gaze locations
are required during training, they are estimated on-the-fly during inference using
the fused features. Similarly, [15, 16] utilize ground truth gaze measurements to
train gaze estimation modules, which are then employed to generate attention
maps. Furthermore, [18] demonstrates that adding an optical flow branch to the
model proposed in [6] enhances accuracy on the egocentric action recognition
task by approximately 14%, confirming that the RGB stream benefits from not
having to learn motion.

While most research has focused on combining optical flow with the RGB
frames, some studies investigate different data modalities. For example, [19, 20]
use Inertial Measurement Unit (IMU) data in conjunction with RGB frames for
first-person action recognition. Additionally, [21] proposes a model that processes
RGB frames and 3D hand poses in chunks. In this network, a micro-segment en-
coder slides over the chunks to generate feature vectors, which are then processed
by a temporal transformer module. Although these approaches are less explored
compared to classical two-stream architectures, they have the advantage of avoid-
ing optical flow computation, which is generally resource-intensive. In contrast,
IMU data and 3D hand pose are readily available or can be obtained with minimal
resource requirements.

A natural extension of two-modality architectures is the inclusion of addi-
tional input modalities. For instance, [22]| employs a three-stream architecture
comprising a spatial branch for RGB frames, a motion branch for optical flow,
and an object branch for object-based features. The study demonstrates that



2. BACKGROUND 6

combining all three streams outperforms using any single stream, highlighting
the complementary nature of these modalities. Similarly, [23] integrates RGB
frames, optical flow, and stacked egocentric cues, namely hand masks, head mo-
tion, and saliency maps. In another approach, [24] incorporates depth maps
alongside RGB and optical flow inputs, while [25] proposes an architecture that
takes RGB, depth, and gaze as input.

Given the modularity of multi-modal architectures, it is theoretically possible
to incorporate an arbitrary number of data modalities. However, the primary
limiting factor is the availability of these modalities, as they are not always
supported by commonly used wearable cameras or AR glasses. Furthermore,
adding more data modalities does not always result in improved performance, as
demonstrated by [26]. The authors show that the performance of a model using
only RGB is comparable to, if not better than, models that additionally utilize
hand pose, hand pose with eye gaze, or all three modalities combined with head
pose.

15! modality || 15t branch —>
2" modality | |— 2" pranch — | | — |:| ___5 Action label
N modality — N branch —

Figure 2.1: General architecture of a multi-modal system. Separate branches process
individual modalities, and the extracted features are fused for final prediction.

2.1.3 Egocentric Datasets

Datasets play a crucial role in driving advancements in machine learning. Since
the emergence of egocentric action recognition as a research field, several datasets
have been introduced, significantly contributing to the improvement of prediction
models. Table 2.1 lists some of the most relevant egocentric datasets and their
properties, while Table 2.2 details the data modalities available for these datasets.
The following section provides an overview of the datasets listed in Tables 2.1
and 2.2, highlighting their key features.

ADL. The Activity of Daily Living (ADL) dataset |2| contains over 10 hours
of egocentric footage showcasing activities performed by 20 subjects in home
environments. It provides action labels along with object bounding boxes, further
annotated by their state (active or passive).
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EGTEA Gaze+. The Extended Georgia Tech Egocentric Activity (EGTEA
Gaze+) dataset [14, 27| features 29 hours of cooking activities performed by 32
subjects. It includes high-resolution RGB videos, audio, gaze annotations, and
hand masks for approximately 14000 frames.

Charades-Ego. The Charades-Ego dataset |28, 29| offers 43,594 labeled
actions with both egocentric and exocentric views of indoor activities, covering
a wide variety of subjects and environments.

FPHA. The First-Person Hand Action (FPHA) dataset [30] provides RGB-
D data, 3D hand poses, and 6D object poses and meshes for four objects. The
recorded actions span kitchen, office, and social settings.

EPIC-KITCHENS-55. EPIC-KITCHENS-55 [31] is a large-scale egocen-
tric dataset of kitchen activity recordings.

EPIC-KITCHENS-100. The EPIC-KITCHENS-100 dataset [32] builds
on [31] by extending it and providing additional annotations, such as masks for
hands and objects, along with hand-object interaction detections.

H20. The H20 dataset 33] includes multi-view RGB-D images, ground-truth
3D hand poses for both hands, camera poses, and 6D object poses and meshes.

BON. The BON dataset [34] focuses solely on the RGB modality and is one

of the few egocentric datasets featuring office activity recordings.

Assembly101 (ego). The Assemblyl01 egocentric dataset [35] showcases
videos of individuals assembling and disassembling toy vehicles in an industrial-
like setting. It provides both egocentric and exocentric perspectives.

HOI4D. HOI4D [36] is an egocentric dataset of indoor activities with exten-
sive annotations, including hand and object poses.

Meccano. The Meccano dataset [37, 25| captures egocentric recordings in
an industrial-like domain, where participants build a toy motorbike.

HoloAssist. HoloAssist [26] is an egocentric dataset offering seven raw sensor
modalities: RGB, depth, head pose, 3D hand pose, eye gaze, audio, and IMU
data.

2.2 Vision Backbone Models

Images are a crucial source of information for egocentric action recognition. How-
ever, extracting meaningful information from raw RGB frames poses significant
challenges, often requiring the use of complex vision models. This section explores
the backbone models utilized in this work.
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Dataset Segments | Frames | Action Cls | Subj | Obj Cls Setting
ADL [2] 436 1M 32 20 42 Indoor
EGTEA Gaze+ (27, 14] 10325 ~ 2.5M 106 32 53 Kitchen
Charades-Ego [28, 29| 43594 ~ 2.9M 157 102 36 Indoor
FPHA [30] 1175 100k 45 6 26 Multiple !
EPIC-KITCHENS-55 [31] 39564 11.56M 101 2 32 46 2 Kitchen
EPIC-KITCHENS-100 [32] | 89,977 20M 239 2 37 85 2 Kitchen
H20 [33] 933 100k 36 4 8 Indoor
BON |38, 34] 2639 ~ 400k 18 25 N/A Office
Assembly101 (ego) [35] 330k 3 36M 1380 3 53 90 3 Industrial
HOI4D [36] 4000 2.4M 54 9 16 Indoor
Meccano [37, 25| 8857 N/A 61 20 20 Industrial
HoloAssist [26] N/A ~ 18M 414 4 ~ 100 16 Assistive task

! Kitchen, Office, Social Interactions.

2 Only action classes with more than 50 samples in the training set are included.
3 Values correspond to fine-grained actions.

4 Coarse-grained actions.

Table 2.1: Overview of prominent egocentric datasets for action recognition.

Dataset Image Type | Depth | Audio | Gaze | Objects Hands
ADL [2] RGB X X X BBs X
EGTEA Gaze+ [27, 14] RGB X v v X Masks
Charades-Ego (28, 29| RGB X X X X X
FPHA [30] RGB v X X Obj Poses | 3D Poses
EPIC-KITCHENS-55 [31] RGB X v X BBs X
EPIC-KITCHENS-100 [32] RGB X v X Masks Masks
H20 [33] RGB v X X Obj Poses | 3D Poses
BON [38, 34] RGB X X X X X
Assembly101 (ego) [35] Gray X X X X 3D Poses
HOI4D [36] RGB v X X Obj Poses | 3D Poses
Meccano [37, 25| RGB v X v BBs BBs
HoloAssist [26] RGB v v v X 3D Poses

Table 2.2: Overview of data modalities provided by egocentric datasets.
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2.2.1 CNNs

For years, Convolutional Neural Networks (CNNs) have been the state of the
art in computer vision, driving significant advancements across a wide range of
tasks, including object detection, image classification, semantic segmentation,
and action recognition. Their strength lies in their ability to hierarchically learn
both low-level features, such as edges, and high-level features, like objects, making
them effective for many visual tasks.

RegNet

While years of research have deepened our understanding of network design, many
CNNs networks remain highly tuned for specific settings. RegNet, introduced by
[39], addresses this limitation by offering a family of simple and effective networks
that generalize well across various settings. The authors propose an approach to
network design that begins with a broad design space and progressively applies
constraints. Each constraint is retained only if it does not degrade the error
distribution compared to the original space, as evaluated using models with sim-
ilar computational cost (in FLOPs). The resulting RegNet design space enables
the sampling of high-performing networks across different computational regimes,
often outperforming state-of-the-art CNNs.

2.2.2 ViTs

The Transformer architecture [40] has established itself as the standard for natu-
ral language processing tasks due to its efficiency and scalability. Its application
to vision tasks gained widespread popularity with the introduction of the Vi-
sion Transformer (ViT) [41]. VIiT follows the same architectural principles as
[40], obtaining the sequence of tokens by dividing the input image into patches,
flattening each patch, and linearly projecting the resulting vector to obtain an
embedding of the desired dimensionality.

Despite showing promising results in vision tasks, state-of-the-art ViT archi-
tectures often struggle to generalize well when trained on limited data, particu-
larly in comparison to CNNs, which benefit from inductive biases. As a result,
ViTs typically require extensive pre-training on large datasets to achieve compet-
itive results. Moreover, ViTs are generally not suited for real-time applications
on resource-constrained devices due to their computational complexity.

DeiT

DeiT [42] addresses the dependency of transformers on large pre-training datasets.
The proposed strategy consists of using several data augmentation techniques
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which effectively increase the size of the training dataset across epochs with-
out altering the number of intra-epoch batches. Based on ablation studies, the
authors identify and utilize several techniques, including Rand-Augment [43],
Mixup [44], CutMix [45], random erasing [46], repeated augmentation [47], and
stochastic depth [48]. These augmentations, detailed in Section 4.3, result in
performance improvements over ViT-B/16 and the larger ViT-L/16 [41] when
trained on ImageNet [49] without external pre-training data.

DeiT further increases performance through distillation [50]|, which is used to
transfer the knowledge of a RegNet teacher model to the Vision Transformer.

LeViT

To address the inference speed issue, [51] introduces a family of hybrid neural
networks that optimize the speed-accuracy trade-off. While achieving inference
speeds beyond 30 fps may seem excessive, architectures with higher throughput
offer better battery efficiency, a critical factor in many real-world applications.
LeViT models feature more parameters than DeiT models for equivalent accu-
racy but achieve higher throughput by incorporating convolutional layers and
attention-shrinking modules. Similar to DeiT, [51] employs distillation [50] to
enhance classification performance.



CHAPTER 3

Model Architectures

In this chapter, we describe the architectures of the models used throughout
the project. The chapter is divided into two sections: Section 3.1 focuses on
models that process individual frames, while Section 3.3 covers models designed
to operate on sequences.

3.1 Single-frame models

3.1.1 LeViT

For the RGB data modality, we employ the LeViT-256 model [51] as a feature
extractor. Additionally, we train and evaluate this model on the task of predicting
actions from single RGB frames. The architecture of LeViT is inspired by the
Vision Transformer [41], but incorporates some design changes for better inference
speed. First, the patch flattening operation is replaced by four layers of 3x3
convolutions. This modification is justified by an exploratory analysis showing
that placing a convolutional network before a transformer improves performance
under speed constraints. Second, LeViT reduces resolution across stages using a
shrink-attention layer, which further optimizes its efficiency.

Unlike ViT [41] and DeiT [42], LeViT does not produce an embedding for
each input token alongside a class token. Instead, it applies an average pooling
operation after the final transformer layer to obtain a single feature vector, which
can be used as input for classification.

Inspired by prior works [50, 42, 51], we place two classification heads on top
of the final average pooling layer, as shown in Figure 3.1. During inference, the
logits produced by the two classification heads are averaged, and the resulting
vector is used to compute the probabilities. We employ RegNetY-12GF [39] as
the teacher model.

11
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|||7||||

[ Average Layer ]

[ Supervised Classifier ] [ Distillation Classifier

IMI [ T

Average Pooling Output

Figure 3.1: Architecture of the classification module of LeViT.

3.1.2 HP-MLP

For the hand pose modality, we employ a simple yet effective shallow network,
whose architecture is shown in Figure 3.2. The input to the network consists
of the flattened, normalized hand pose data concatenated with the flattened
rotation matrices of the two hands. This simple network performs well despite
not explicitly accounting for the intrinsic graph structure of the hands. This
could be due to a variety of reasons:

e Hand Pose data consists of a small number (42) of data points, each with
only 3 features. Using more complex or deeper architectures might not
improve performance given such a low-dimensional input.

e Although the input has intrinsic connectivity, this connectivity does not
vary across data points. The absence of variance in the adjacency matrix
could explain why connectivity-aware models do not outperform the simple
network.

e The hand pose normalization, described in Chapter 4, significantly reduces
input variance, making it easier for a shallow network to converge.

e A shallow network, batch normalization [52], and dropout [53] effectively
reduce the risk of overfitting.

3.2 FusionNet: LeViT + HP-MLP

LeViT and the hand pose model each provide solutions to the unimodal single-
frame prediction task. To explore the potential of combining these models, we
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Figure 3.2: Architecture of the hand pose model.

introduce a fusion architecture, as illustrated in Figure 3.3. The goal of this
architecture is to leverage the complementary information from the two different
modalities to improve overall performance. Prior to fusion, we apply two pro-
jection layers, each followed by a normalization step, which makes the feature
representations from both models more comparable, ultimately enabling a more
effective fusion process.

3.3 Sequence models

Operating over sequences is crucial for accurate action recognition, as context
from multiple consecutive time steps helps detect motion. In this project, we
use single-frame models for feature extraction and process the resulting sequence
of features using either a Temporal Convolutional Network (TCN) [54, 55| or a
sequence model inspired by [56].

3.3.1 TCN

Traditional Convolutional Neural Networks (CNNs) face challenges when applied
to sequences of feature vectors. Specifically, the receptive field grows slowly when
using small kernels and strides. This slow growth necessitates either larger kernels
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Figure 3.3: Architecture of FusionNet model.

or deeper networks to process longer sequences, which can lead to increased
risk of overfitting and slower inference speed. Temporal Convolutional Networks
(TCNs) [54, 55| address this limitation through the use of dilated convolutions
[57]. Dilated convolutions allow the receptive field to grow exponentially even
with small kernel sizes, enabling the network to efficiently process long sequences
while maintaining a small number of parameters.

Figure 3.4 illustrates the architecture of the Temporal Convolutional Network
(TCN). Each residual block in the TCN contains two dilated convolutions, each
followed by a normalization layer, an activation function, and a dropout layer
[53]. We employ Layer Normalization [58] and ReLU as the normalization and
activation functions, respectively. The residuals from each block are projected to
match the output dimension and summed with the output of the final block to
produce the network’s output.

In the original TCN implementation, the convolutions are causal, meaning the
output at position t depends only on positions less than or equal to t. However,
we modify this by using acausal convolutions with padding, as our objective is to
compute the output at the final position, which cannot depend on future inputs.
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Architecture of the Temporal Convolutional Network.
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3.3.2 Temporal MLP

The primary challenge with TCNs lies in their numerous hyperparameters, which
are difficult to tune. Additionally, they require careful adjustment to ensure that
the receptive field at the final layer’s last position covers the entire sequence
length. To address these issues, we develop and test an alternative sequence
model, which we call Temporal MLP (TMLP).

Figure 3.5 shows the architecture of the TMLP model, inspired by [56]. Each
block begins by projecting the input to the block dimension, if necessary, and
adding projected positional embeddings. The result is then passed through two
residual modules. Each module consists of a normalization operation, an activa-
tion function, and either a convolution or a linear layer in between.

The convolution facilitates mixing along the temporal dimension, as the kernel
with filter size 1 slides along the channel dimension, effectively processing vectors
whose size corresponds to the sequence length. In contrast, the linear layer
operates across the temporal dimension, enabling mixing of the channels within
each time step. This design allows the receptive field to cover the entire sequence
after just one block.

The main advantage of the Temporal MLP over the Temporal Convolutional
Network is its lower number of hyperparameters, which simplifies testing. In
practice, we use SiLU [59] as the activation function and Layer Normalization
[58] as the normalization layer.

3.3.3 Multimodal Temporal MLP

The architecture depicted in Figure 3.6, which we call MM-MLP, represents a
multimodal fusion framework designed to combine RGB and hand pose (HP)
features from sequences. Each modality undergoes feature extraction and tem-
poral processing through dedicated modules: an RGB Feature Extractor and
Temporal MLP for RGB features, and an HP Feature Extractor paired with a
Temporal MLP for HP features. The outputs from both streams, corresponding
to the final time steps, are concatenated and processed through a series of layers,
including a fully connected linear layer for feature merging, followed by normal-
ization, activation, dropout, and a final linear projection to produce the output
logits. This design offers significant flexibility: it supports the integration of any
number of modalities, each with its own dedicated stream; its modular structure
allows the use of various feature extractors and sequence models - for instance,
a TCN could be used in place of the Temporal MLP; finally, the separation of
modalities enables the use of different context lengths and sampling frequencies.
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Figure 3.5: Architecture of the Temporal MLP.
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CHAPTER 4

Experimental Setup

4.1 Dataset

We utilize the H20 dataset [33] to conduct our experiments. The dataset’s statis-
tics can be visualized in Appendix A. While the H20 dataset is designed for pre-
dicting the action performed over a video segment, it can also be used for frame-
level prediction by assigning the segment’s action label to each frame within the
segment.

In this section, we discuss how we generate sequences of data points from
the segments. Consider a segment with two data modalities, as shown in Figure
4.1, and assume a sequence length of 10 time steps for both modalities. This
corresponds to one-third of a second, given that the H20 dataset was recorded at
30 fps. Our goal is to analyze how different combinations of sampling frequencies
for the two modalities affect performance. In this example, we set a frequency
of 10 Hz for the RGB modality and 30 Hz for the hand modality. Figure 4.2
illustrates the sequence generation process for training. Starting from the first
time step, we slide a window of width equal to the sequence length along the
segment, creating two sequences that end at the current frame. If the window
does not contain enough time steps, we duplicate the first time step to fill the
missing spots. Then, we sample the time steps from the sequence starting from
the end, which ensures that the last time step is always included.

RGBHHH...
Ha"dPOSE(HP)HHH.-.

Figure 4.1

In a real-world scenario, frames and hand pose data would be streamed online.
If we were to always consider aligned time steps for both modalities, as done
during training, we would lose the advantage of using a smaller frequency for the
computationally expensive RGB stream, since the feature extractor would need

19
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to process every incoming frame. Instead, we extract features only at the desired
frequencies, as illustrated in Figure 4.3, where the sampled time steps are shown
in a darker shade. Figure 4.4 demonstrates two examples of sequences used for
prediction at different time steps. At time step 8, the sampled frames up to time
step 7 are used for the RGB modality, as frame 8 is not sampled. To maintain
the required sequence length, the first frame is duplicated. At time step 24, we
utilize the four most recently sampled frames from the RGB stream and the last
ten 3D hand poses from the hand pose stream.

The described approach involves maintaining a fixed-size buffer for each modal-
ity, initially filled with duplicates of the features from the first time step. A new
sample is added to the buffer whenever a modality-specific, frequency-dependent
timer expires, while the least recent sample is removed to ensure the buffer re-
mains within the fixed size. The strategy can also be utilized if modalities are
not perfectly aligned - for instance, when the 3D hand pose is computed from
the RGB frames, and becomes available a few milliseconds after the image, as
illustrated in Figure 4.5.

s HHH-
e HH...

Figure 4.3

4.2 Preprocessing

4.2.1 RGB frames

Before being processed by the RGB feature extractor, the RGB frames undergo
cropping and normalization. Cropping involves determining the minimal bound-
ing box around the hand keypoints projected onto the image plane. This bound-
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ing box is then uniformly extended in all directions to meet the size requirements
of the feature extractor. The detailed cropping procedure is illustrated in Figure
4.6.

Normalization adjusts the pixel intensity values of the cropped frames to align
with a Normal distribution. Specifically, for each channel (Red, Green, and Blue),
the pixel values are transformed using the formula:

input[channel] — mean|channel]
std[channel]

output|channel] =

Here, mean|channel] and std[channel] are the channel-wise mean and standard
deviation values computed from the ImageNet dataset [49].

Figure 4.6: Example of cropping based on projected 2D hand keypoints. The minimal
bounding box is expanded to meet the 224x224 input size required by the LeViT model.
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4.2.2 3D Hand Pose
The 3D hand keypoints undergo a normalization process consisting of three steps:

1. Translation to the Origin: Both hands are translated such that the
wrists are moved to the origin of the coordinate system. The original posi-
tions of the wrists are saved for later use. This translation ensures that the
wrist joint serves as a reference point, which is consistent across samples.

2. Edge Length Modification: The lengths of the edges between keypoints
are adjusted so that corresponding edges from different hand samples have
the same length. This step helps to remove variations in hand size across
samples.

3. Rotation Alignment: The hands are rotated so that the following prop-
erties are satisfied:

e The vector from the wrist to the middle metacarpal (the keypoint
representing the middle finger’s base) is aligned with the negative y-
axis.

e The vector from the fifth metacarpal (the keypoint representing the
little finger’s base) to the second metacarpal (the keypoint represent-
ing the index finger’s base) lies along the yz-plane.

This final alignment step ensures that the orientation of the hand is con-
sistent across different samples.

Once the hands are normalized through these three steps, the keypoints are
flattened into a 120-dimensional vector. This vector originates from the 20 3D
keypoints for both hands (2 hands x 20 keypoints = 40 keypoints, each with 3
coordinates). In addition to the normalized keypoints, the original wrist positions
and rotation matrices for both hands are concatenated to the feature vector,
resulting in a final vector of 144 dimensions (120 from the keypoints, 6 from the
wrist positions, and 18 from the rotation matrices).

This final 144-dimensional feature vector is used as input for the hand pose
model described in 3.1.2.

Figure 4.7 illustrates the entire hand normalization procedure, including the
translation, length modification, and rotation alignment steps.

4.3 Augmentation

We apply several data augmentation techniques to mitigate the risk of overfit-
ting and enhance the generalization capabilities of our models. The following
subsections provide a detailed description of these augmentations.
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or Y ¥

Figure 4.7: Example of hand pose normalization: From left to right, the original hand
pose, the keypoints after translation to the origin, the keypoints after edge length mod-
ification, and the final result after rotation to a canonical orientation.

4.3.1 Mixup

First proposed in [44], Mixup generates a new data point (x,y) from data points
(x4,9i) and (x;,y;) by applying the following transformations:

x = Ax; + (1 — A)x;,

y = Ayi + (1= Nyj,
where \ ~ Beta(a, a).

In this project, we utilize the timm library [60], which implements Mixup by
symmetrically mixing the data. Given the original samples (x;,v;) and (x;,y;),
the new samples (X;,9;) and (X;, ;) are formed as follows:

X; = AX; + (1 — )\)Xj,

gi = Ayi + (1 = Nyy,
X; = Axj + (1 — \)x;,
Ui = Myj+ (1= XNy
This mixing of the data helps create more diverse training samples, which can
improve the generalization ability of the model.

The second row of Figure 4.8 illustrates an example of Mixup.

4.3.2 CutMix

Let x € RW*HXC and y denote a training image and its label, respectively.
CutMix [45] is an augmentation technique that generates a new sample (x,y) by
combining two original samples (x;,y;) and (x;,y;) as follows:

x=Mox;+(1-M)ox;
y = Ayi + (1= Nyj,
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where M € {0, 1}"W*# is a binary mask, 1 is a binary mask filled with ones, ®
denotes element-wise multiplication, and A ~ Beta(a, «v).

In the timm library, CutMix is implemented by first sampling the bounding
box coordinates B = (ry, 7y, 7y, 75) to define the cropping region for a batch of
images. These coordinates are uniformly sampled as follows:

rw = WvV1— X\
re ~ Unif (ry, W —ry)

Th = Hm
Ty ~ Unif (Th,H — Th) .

As a result, the ratio of the cropped area is equal to 1 — A\. The binary mask
M € 0,1"W*H ig generated by setting the values within the bounding box B to
0 and the values outside the box to 1. Finally, as with Mixup, the samples are
combined in pairs.

The third row of Figure 4.8 shows an example of CutMix.

4.3.3 Random Erasing

Random Erasing [46] is an augmentation technique which consists of randomly
selecting a rectangle region in the input image or video, and replace its pixels
with random values or a fixed value. In this project, we utilize PyTorch [61]
to apply random erasing, setting the pixels in the erased region to 0 across all
channels. Figure 4.9 demonstrates an example of this transformation

4.3.4 Random Horizontal Flipping

Random horizontal flipping is a transformation that flips the image along the
y-axis, as shown in Figure 4.10. We apply this transformation with a probability
of 0.5 to introduce variability between right-handed and left-handed subjects,
as the latter category is less represented. Additionally, the same transformation
is applied to the hand pose data to ensure consistency between the modalities.
Figure 4.11 displays horizontal flipping of the 3D hand keypoints.

4.3.5 RandAugment

First introduced in [43], RandAugment eliminates the need to search the space of
possible augmentation strategies, which can complicate training and be compu-
tationally expensive. Instead, for each batch, RandAugment selects N transfor-
mations from a predefined set and applies them. The parameters of each trans-
formation are derived from parameter-specific spaces based on the magnitude
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Figure 4.8: Mixup and CutMix examples. The first row displays the original images,
the second row shows the results of Mixup, and the third row illustrates the outputs of
CutMix.

Figure 4.9: Example of random erasing.
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Figure 4.10: Example of horizontal flipping on images.

Figure 4.11: Examples of random horizontal flipping applied to the hand pose. From
left to right: the original hand pose and the horizontally flipped hand pose.

M, where larger values of M correspond to more substantial transformations of
the original sample. Figure 4.12 presents two examples of Rand Augment applied
with different values of M and N=2.

In our approach, RandAugment is also applied to the hand pose data, pro-
vided the selected transformation(s) are not specific to the RGB modality. When
using both modalities together, the same augmentations are applied to both to
ensure consistency. Figure 4.13 shows examples of transformations applied to the
3D hand keypoints.

4.3.6 Repeated Augmentation

In repeated augmentation [47], during each epoch, the model sees only a portion
of the dataset, with samples being replicated multiple times. These repeated
samples are then sent to different GPUs and augmented differently. This strategy
improves model generalization and accelerates convergence by exposing the model
to a wider variety of augmented views of the data.
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Figure 4.12: Examples of RandAugment. Each row displays the result of Rand Augment
with a different value of M: M=9 in row 2, M=18 in row 3, and M=27 in row 4.
The transformations applied to the first image include shear along the x-axis and auto
contrast, while the second image undergoes rotation and contrast adjustments.
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Figure 4.13: Examples of transformations applied independently to the hand pose. From
left to right: the original hand pose, the hand pose translated along the x-axis, translated
along the y-axis, and rotated.

4.4 Training Configuration and Evaluation Metrics

We train the models on the training set of the H20 dataset [33] and evaluate
them on the validation set, as ground truth labels—which are not provided for
the test set—are required for frame-level prediction. During training, we use
the weighted cross-entropy loss, where the weight W, of class ¢ is computed as

follows:
X

We = .
© Hxy) eX[y=c}
The weights are subsequently normalized by dividing by the minimum weight,
ensuring that all weights are 1-based.

As evaluation metrics, we use accuracy and the Macro Fl-score. The Macro
F1-score is calculated as the arithmetic mean of the per-class F1-scores, treating
all classes equally regardless of their support. This makes it particularly suitable
for assessing model performance on datasets with class imbalances, as it provides
a balanced view across all classes. Additionally, we evaluate performance on
segments, where segment predictions are obtained through majority voting over
the single-frame predictions within the segment.

To complement the accuracy and Fl-score evaluations, we also assess com-
putational efficiency through inference speed and CPU usage. Inference speed is
defined as the average time (in milliseconds) required for the model to process
a single input (frame or sequence) on both GPU and CPU. For RGB sequence
models, the input consists of a sequence of RGB frames within the model’s con-
text, sampled at the frequency used during training. CPU usage is evaluated
as the time required to generate predictions for each time step in a sequence of
30 steps (one second), assuming a setting like the one depicted in Figure 4.4.
In this scenario, at time step 8, for example, only the HP stream computes a
new feature, as the RGB buffer remains unchanged. Additionally, CPU usage is
reported as a percentage to facilitate easier comparison across models.
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4.5 Experimental Conditions

Model training was performed on a SLURM cluster using either two or four
GPUs, depending on availability. The GPUs used for training included the Titan
RTX (24 GB memory), GeForce RTX 3090 (24 GB memory), and Tesla V100
(32 GB memory). For CPU inference speed and CPU usage, a single thread of
an AMD EPYC 7742 CPU (base clock: 2.25 GHz) was utilized. GPU inference
speed tests were conducted on a GeForce RTX 3090.



CHAPTER 5

Results

In this chapter, we present a combined analysis of model performance, infer-
ence speed, and CPU usage. The results are organized based on model type
to facilitate easier exploration. For a comprehensive overview of all models and
experimental results, refer to Appendix B, where the complete tables can be
found.

We evaluate the models on both frame-level and segment-level predictions,
with the primary emphasis on frame-level action recognition. The names of se-
quence models follow the format Cx FyCwF 'z, where CzFy specifies the context
length (in seconds) and frequency (in Hz) for the RGB modality, and CwFz indi-
cates the context length and frequency for the hand pose modality. A v appended
to Cx FyCwF 'z indicates that the model is trained to predict only the verb (i.e.,
the action type), rather than the full action. For instance, in this configuration,
"grab book" and "grab lotion" are grouped into the same class.

We also analyze computational efficiency, including inference speed and CPU
usage. For definitions of these metrics and details on how they are measured,
refer to Section 4.4. The analysis is divided as follows: Section 5.1 describes the
models that operate on a single frame, i.e., have a context length of 0 for both
modalities; Section 5.2 presents the results for sequence models that process
a single modality; Section 5.3 explores multimodal models; finally, Section 5.4
provides a comparison with some existing works.

5.1 Single-frame models

Training Configuration

Both HP-MLP models were trained using the AdamW optimizer [62, 63| with
a weight decay of 0.01 and an initial learning rate of 10~°, which is linearly in-
creased to 10~ over the first 10 epochs. We applied RandAugment and repeated
augmentation as data augmentation techniques, and employed smoothing with a
factor of 0.2 and a dropout rate of 0.5 for additional regularization. Both models

30
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have a hidden size of 512.

RegNet-12GF was trained using the SGD optimizer with a momentum of 0.9
and a weight decay factor of 0.025. In contrast, the AdamW optimizer was used
for both LeViT-256 models, with different hyperparameters: a weight decay factor
of 0.025 and a fixed learning rate of 0.00005 for LeViT-256, and a weight decay
factor of 0.005 with an initial learning rate of 10~*, which is linearly reduced
to 107° over the first 10 epochs, for LeViT-256-distilled. Strong augmentation
techniques were employed for all RGB models, including RandAugment, erasing
with a probability of 0.4, repeated augmentation, as well as Mixup and CutMix
with A ~ Beta(0.3,0.3) and a probability of 0.8. To mitigate overfitting, label
smoothing with a factor of 0.2 was applied, along with dropout before the classi-
fication head (with probability 0.5). Early stopping was also used when applying
distillation. We employed hard distillation [50, 42] with « = 0.5 and 7 = 1 to
transfer the knowledge of RegNet-12GF to LeViT-256

Finally, the FusionNet model was trained using the AdamW optimizer with
a weight decay factor of 0.01 and an initial learning rate of 0.00005, which is
decayed to 107°. Smoothing (0.2), dropout (0.5), and early stopping were used
for regularization. All augmentations, except Mixup and CutMix, were also ap-
plied. For this analysis, LeViT-256 and HP-MLP-v serve as feature extractors
for the RGB and hand pose modalities, respectively, and both were frozen during
training.

Performance and Efficiency Analysis

Table 5.1 presents the performance and inference time for models that operate
on a single frame. We can observe that the RegNet-12GF has higher F1-score
and accuracy than LeViT-256, but at the cost of more than seven times longer
inference time on CPU. This makes it unsuitable for deployment in resource-
constrained environments, such as wearable devices like AR glasses.

Distillation helps bridge this performance gap, as demonstrated by the re-
sults of LeViT-256-distilled. Knowledge distillation improves the Fl-score from
70.584% to 73.692%, while maintaining the same inference speed as the original
LeViT-256. Consequently, we select the LeViT-256-distilled model as the feature
extractor for the RGB modality.

We also experiment with the HP-MLP model for both verb and action pre-
diction tasks. The results indicate that while the model performs well on verb
prediction, it achieves significantly lower evaluation metrics for action prediction.
This can be attributed to the hand pose modality lacking information about the
object being manipulated. The first two rows of Table 5.1b present the inference
time for HP-MLP. These models demonstrate extremely fast inference, making
them well-suited for practical deployment.
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Finally, we analyze the effect of single-frame fusion using the FusionNet model
described in Section 3.2. As presented in Table 5.1a, FusionNet achieves a signif-
icant performance improvement over LeViT-256-distilled, increasing the F1-score
from 73.692% to 76.812%. This result highlights the complementary nature of
the RGB and hand pose modalities in the single-frame setting.

Model Frame Accuracy (%) | Frame Fl-score (%) | Segment Accuracy (%) | Segment Fl-score (%)
HP-MLP-v 78.373 79.686 80.328 85.748
HP-MLP 52.079 46.933 53.279 51.098
RegNet 79.997 74.844 81.967 79.437
LeViT-256 76.499 70.584 78.689 76.993
LeViT-256-distilled 79.112 73.692 81.148 79.854
FusionNet 81.139 76.812 84.426 83.266

(a) Accuracy and Fl-score for frame-level and segment-level predictions.

Model Time GPU mean (ms) | Time GPU std (ms) | Time CPU mean (ms) | Time CPU std (ms)
HP-MLP-v 0.332 0.016 0.214 0.010
HP-MLP 0.330 0.007 0.215 0.003
RegNet-12GF 8.961 0.052 336.472 2.098
LeViT-256 8.615 0.189 45.988 1.244
LeViT-256-distilled 8.571 0.157 44.986 0.691
FusionNet 9.223 0.231 46.331 0.564

(b) Inference time.

Table 5.1: Performance and inference time for single-frame models.

5.2 Unimodal Sequence Models

5.2.1 RGB Models
Training Configuration

All sequence models that operate on RGB frames were trained using nearly iden-
tical training configurations. We utilized the AdamW optimizer with a weight
decay of 0.005 and an initial learning rate of 10~%, which is decayed linearly to
10~ over the first 10 epochs. The same augmentation and regularization tech-
niques described in Section 5.1 were employed for these models. The batch size
was varied slightly across models depending on the input sequence frequency.

All TMLPs consist of 12 layers with decreasing hidden sizes: the first 8 layers
have a hidden size of 512, the next one has 384, and the final two have 256. The
TCNs consist of 6 blocks: the first 4 blocks have a channel size of 512, the next
one has 384, and the last one has 256.
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Performance and Efficiency Analysis

The performance, inference time, and CPU usage for sequence models processing
RGB frames are summarized in Table 5.2. We observe a steady decline in F'1-score
from TMLP-C2F30C0F0 to TMLP-C2F1COF0, which corresponds to a reduction
in the input sequence’s sampling frequency. However, the reduction in CPU
inference time and usage is considerably more pronounced. Notably, both CPU
inference time and usage decrease by approximately a factor of three each time
the sampling frequency is reduced by a factor of three. The key takeaway is
that we can reduce the RGB frequency to match the resource constraints of the
environment without a substantial loss in performance.

We also present the performance of two TCN models at frequencies of 3 Hz
and 1 Hz. Since TCNs have a significantly larger number of hyperparameters
compared to TMLPs, we choose to continue the analysis with the latter.

Model Frame Accuracy (%) | Frame Fl-score (%) | Segment Accuracy (%) | Segment Fl-score (%)
TMLP-C2F30C0F0 92.327 91.154 95.082 95.352
TMLP-C2F10C0F0 90.454 88.974 90.984 91.084
TMLP-C2F3C0F0 88.589 86.667 88.525 88.674
TMLP-C2F1CO0F0 85.900 82.809 87.705 87.322

TCN-C2F3C0F0 86.621 82.752 87.705 86.781
TCN-C2F1C0F0 85.556 82.232 89.344 89.332

(a) Accuracy and Fl-score for frame-level and segment-level predictions.

Model Time GPU mean (ms) | Time GPU std (ms) | Time CPU mean (ms) | Time CPU std (ms)
TMLP-C2F30C0F0 22.028 0.203 2320.444 6.069
TMLP-C2F10C0F0 16.200 0.279 720.304 2.470
TMLP-C2F3CO0F0 16.072 0.272 219.823 1.272
TMLP-C2F1CO0F0 16.180 0.268 82.654 0.653

TCN-C2F3CO0F0 13.682 0.241 251.176 1.950
TCN-C2F1CO0F0 13.652 0.192 100.226 0.742

(b) Inference time.

Model Time CPU mean (ms) | Time CPU std (ms) | Usage (%)
TMLP-C2F30C0F0 1832.083 12.922 183.208
TMLP-C2F10C0F0 537.309 3.364 53.731
TMLP-C2F3C0F0 154.724 1.670 15.472
TMLP-C2F1COF0 50.596 0.510 5.060

TCN-C2F3CO0F0 906.011 2.716 90.691
TCN-C2F1COF0 725.977 1.348 72.598

(c) CPU usage.

Table 5.2: Performance, inference time, and CPU usage for RGB sequence models.
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5.2.2 Hand Pose Models
Training Configuration

The sequence models that process the hand pose were trained using identical
configurations. We used the AdamW optimizer with a weight decay factor of
0.005 and an initial learning rate of 0.00005, which is reduced linearly to 10~°
over the first 10 epochs. RandAugment and repeated augmentation, alongside
label smoothing with a factor of 0.2, early stopping with a patience of 20 epochs,
and dropout with a probability of 0.5 before the classification head, were applied
to reduce overfitting. The batch size was kept constant across models. Unlike the
RGB sequence models, the HP-MLP-v feature extractor was kept frozen during
training in all experiments.

All TMLPs have 6 layers with a fixed hidden size of 512 dimensions.

Performance and Efficiency Analysis

The performance, inference time, and CPU usage for sequence models processing
hand pose samples are presented in Table 5.3. Interestingly, unlike the RGB
sequence models, we do not observe the same steady decline in performance as
the frequency is reduced. In fact, the performance metrics slightly improve from
TMLP-COF0C2F30-v to TMLP-COFOC2F10-v when evaluated on the frame-level
prediction task. We hypothesize that the shallow TMLP struggles to capture
meaningful motion when presented with a high-frequency sequence, where con-
secutive hand poses show minimal change. Reducing the frequency allows the
model to focus on more significant temporal differences, leading to slight im-
proved performance.

Table 5.3¢ shows a much larger drop in CPU usage from 30 Hz to 10 Hz
compared to Table 5.2c. This difference arises because, for the RGB modality,
the feature extractor is the bottleneck, while the inference time of the TMLP
on top is comparatively low. As a result, reducing the sampling frequency by a
factor of three leads to an almost equal reduction in CPU usage. In contrast, for
the hand pose modality, the bottleneck is the TMLP. The TMLP that operates
over 20 time steps is already twice as fast on CPU as the TMLP that processes
the full 60 samples, as shown in Table 5.3b. Additionally, the TMLP is executed
only when a new data point is sampled, resulting in a reduction in CPU usage by
a factor of approximately six from TMLP-COF0C2F30-v to TMLP-COF0C2F10-
v. In practice, we can choose to sample every hand pose while still using 20 out
of 60 data points, evenly distributed across the context, to make the prediction.
This would reduce CPU usage by a factor of three while eliminating the need
to replicate predictions during periods where no new hand pose data point is
sampled.
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Model Frame Accuracy (%) | Frame Fl-score (%) | Segment Accuracy (%) | Segment Fl-score (%)
TMLP-COF0C2F30-v 86.157 85.301 87.705 88.761
TMLP-COF0C2F10-v 86.810 86.348 87.705 88.889
TMLP-COF0OC2F3-v 85.118 84.848 84.426 85.356
TMLP-COF0C2F1-v 84.087 82.850 83.607 85.103

(a) Accuracy and Fl-score for frame-level and segment-level predictions.

Model Time GPU mean (ms) | Time GPU std (ms) | Time CPU mean (ms) | Time CPU std (ms)
TMLP-COF0C2F30-v 4.118 0.017 10.455 0.309
TMLP-COF0C2F10-v 4.089 0.027 5.428 0.064
TMLP-COF0C2F3-v 4.002 0.021 3.938 0.294
TMLP-COF0C2F1-v 4.024 0.027 3.136 0.036

(b) Inference time.

Model Time CPU mean (ms) | Time CPU std (ms) | Usage (%)
TMLP-COF0C2F30-v 282.789 1.432 28.279
TMLP-COFOC2F10-v 52.036 0.148 5.204
TMLP-COF0C2F3-v 11.330 0.072 1.133
TMLP-COFOC2F1-v 3.207 0.036 0.321

(¢) CPU usage.

Table 5.3: Performance, inference time, and CPU usage for Hand Pose sequence models.

5.3 Multimodal Sequence Models

Training Configuration

The MM-TMLP models were all trained using the AdamW optimizer with a
weight decay factor of 0.01 and an initial learning rate of 1072, which is reduced
linearly to 1076 within the first 5 epochs. All augmentations and regularization
techniques described in Section 5.1 were utilized, except for Mixup and CutMix.
We also employed early stopping with a patience of 10 epochs. The batch size is
set to 256 across models.

The MM-TMLPs are created following the framework described in Section
3.3.3, where the modality-specific TMLPs are those detailed in Sections 5.2.1
and 5.2.2. For the hand pose stream, we use TMLPs trained to predict verbs,
hoping to obtain more motion context from their feature representations. For
the fusion module, we use a hidden size of 512, BatchNorm, and a Leaky ReLLU
activation function. In all experiments, only this fusion head is trained.
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Performance and Efficiency Analysis

Table 5.4a presents the results for the MM-TMLP models across all combinations
of RGB and hand pose sampling frequencies. The corresponding F1-scores for
the MM-TMLP models are also shown in Figure 5.1, alongside those of the RGB
TMLP models. A comparison with Table 5.2a shows that, for a fixed frgp,
incorporating the hand pose stream consistently enhances performance, irrespec-
tive of the hand pose sampling frequency frp. Additionally, for a fixed frgpm,
the macro Fl-score remains relatively stable as fgp decreases, though a more
significant decline is observed when fpp = 1.

For a fixed frp, the drop in the Fl-score becomes more pronounced as frgp
decreases, with the largest difference observed being 7.113 for fyp = 1. This
behavior is expected, as in the unimodal setting, reducing frgp from 30 to 1
results in a significantly larger drop than the relatively smaller decline observed
when reducing fyp from 30 to 1 (see Tables 5.2a and 5.3a). Despite this, the
hand pose modality helps to narrow the performance gap between the model
with frep = 30 and the model with frgp = 1. When using only RGB frames,
the Fl-score difference is 8.345, whereas incorporating both modalities reduces
the maximum difference to 7.113 (observed at fpp = 3), with a mean differ-
ence of 6.164. Additionally, the performance gap between the best-performing
model (MM-TMLP-C2F30C2F3) and the worst-performing model (MM-TMLP-
C2F1C2F1) is 7.867, which is slightly smaller than the 8.345 observed with RGB
alone.

Moving to inference speed and CPU usage, which are reported in Tables 5.4b
and 5.4c¢, and displayed in Figures 5.2 and 5.3, we observe that the RGB modality
has a significant impact on both measurements. Specifically, we note a trend of
reduction in both inference speed and CPU usage by approximately a factor of
three for every reduction in frgp, a trend that we also observed for the RGB-only
models.

Focusing on CPU usage, a comparison between Table 5.2c and Table 5.4c
reveals that, for a fixed frap, adding the hand pose stream to the RGB stream
always increases the usage, with the increase being larger for higher values of
frp. This is the expected behavior.

The results are promising, demonstrating that by reducing the sampling rate
of RGB frames from 30 Hz to 10 Hz, we can consistently generate predictions at 30
Hz on a single thread of an AMD EPYC 7742 CPU without exceeding the 100%
usage threshold. If we consider, for instance, models MM-TMLP-C2F30C2F30
and MM-TMLP-C2F10C2F30, a 61.11% reduction in CPU usage corresponds to
a 0.835% reduction in Fl-score.

To conclude the analysis on prediction performance, Table 5.5 presents the
results of the MM-TMLP models when sequences are generated as depicted in
Figure 4.4. These results are also illustrated in Figure 5.4. This setup simulates
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Model Frame Accuracy (%) | Frame Fl-score (%) | Segment Accuracy (%) | Segment Fl-score (%)
MM-TMLP-C2F30C2F30 93.573 92.449 95.082 95.202
MM-TMLP-C2F10C2F30 92.421 91.677 95.082 95.228
MM-TMLP-C2F3C2F30 89.844 88.055 90.164 90.318
MM-TMLP-C2F1C2F30 89.414 87.209 92.623 92.349
MM-TMLP-C2F30C2F10 93.487 92.527 96.721 97.107
MM-TMLP-C2F10C2F10 92.696 91.595 94.262 94.285
MM-TMLP-C2F3C2F10 90.419 88.577 92.623 92.193
MM-TMLP-C2F1C2F10 89.457 86.540 92.623 92.349
MM-TMLP-C2F30C2F3 93.813 92.887 95.902 96.154
MM-TMLP-C2F10C2F3 92.404 91.123 92.623 92.943
MM-TMLP-C2F3C2F3 90.084 88.499 93.443 93.324
MM-TMLP-C2F1C2F3 88.941 86.572 91.803 91.703
MM-TMLP-C2F30C2F1 93.246 92.133 95.082 95.535
MM-TMLP-C2F10C2F1 92.026 90.520 91.803 91.991
MM-TMLP-C2F3C2F1 88.555 86.756 88.525 88.346
MM-TMLP-C2F1C2F1 87.661 85.020 90.984 90.890

(a) Accuracy and Fl-score for frame-level and segment-level predictions.

Model Time GPU mean (ms) | Time GPU std (ms) | Time CPU mean (ms) | Time CPU std (ms)
MM-TMLP-C2F30C2F30 25.891 0.246 2306.591 3.887
MM-TMLP-C2F10C2F30 20.330 0.274 739.656 2.359
MM-TMLP-C2F3C2F30 20.245 0.285 229.074 1.265
MM-TMLP-C2F1C2F30 20.377 0.271 93.523 0.562
MM-TMLP-C2F30C2F10 25.832 0.305 2292.625 3.846
MM-TMLP-C2F10C2F10 20.305 0.271 722.962 2.351
MM-TMLP-C2F3C2F10 20.222 0.285 224.186 1.283
MM-TMLP-C2F1C2F10 20.323 0.267 88.688 0.684
MM-TMLP-C2F30C2F3 25.799 0.228 2291.908 3.996
MM-TMLP-C2F10C2F3 20.231 0.273 733.177 2.277
MM-TMLP-C2F3C2F3 20.125 0.267 223.906 1.266
MM-TMLP-C2F1C2F3 20.245 0.267 87.103 0.742
MM-TMLP-C2F30C2F1 25.780 0.240 2301.329 4.333
MM-TMLP-C2F10C2F1 20.277 0.275 724.087 2.416
MM-TMLP-C2F3C2F1 20.162 0.268 222.389 1.256
MM-TMLP-C2F1C2F1 20.318 0.268 86.358 0.743

(b) Inference time.
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Model Time CPU mean (ms) | Time CPU std (ms) | Usage (%)
MM-TMLP-C2F30C2F30 2118.842 1.193 211.884
MM-TMLP-C2F10C2F30 823.950 0.859 82.395
MM-TMLP-C2F3C2F30 444.983 0.549 44.498
MM-TMLP-C2F1C2F30 339.411 0.748 33.941
MM-TMLP-C2F30C2F10 1880.565 1.001 188.056
MM-TMLP-C2F10C2F10 588.946 0.769 58.895
MM-TMLP-C2F3C2F10 207.478 0.337 20.748
MM-TMLP-C2F1C2F10 103.454 0.202 10.345
MM-TMLP-C2F30C2F3 1842.905 0.900 184.290
MM-TMLP-C2F10C2F3 548.006 0.617 54.801
MM-TMLP-C2F3C2F3 165.934 0.317 16.593
MM-TMLP-C2F1C2F3 62.461 0.146 6.246
MM-TMLP-C2F30C2F1 1833.635 0.957 183.363
MM-TMLP-C2F10C2F1 540.224 0.624 54.022
MM-TMLP-C2F3C2F1 157.785 0.282 15.778
MM-TMLP-C2F1C2F1 53.618 0.176 5.362

(¢) CPU usage.

Table 5.4: Performance, inference time, and CPU usage for MM-TMLP models.

92
90
~
z 88
a
o
86
84

fres (Hz)

Figure 5.1: Fl-scores of RGB TMLPs and MM-TMLPs for different combinations of
RGB and hand pose sampling frequencies.
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Figure 5.2: CPU inference time (in ms) of RGB TMLPs and MM-TMLPs for different
combinations of RGB and hand pose sampling frequencies.
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Figure 5.3: CPU usage (in ms) of RGB TMLPs and MM-TMLPs for different combina-
tions of RGB and hand pose sampling frequencies.
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an online scenario, where buffers maintain the most recently accepted samples
from both modalities.

We observe that the performance either remains stable or declines only slightly.
However, models with lower sampling frequencies tend to suffer the most from
misalignments. For instance, the Fl-score drops from 86.756 to 85.469 for MM-
TMLP-C2F3C2F1, from 86.572 to 85.567 for MM-TMLP-C2F1C2F3, and from
85.02 to 82.138 for MM-TMLP-C2F1C2F1. Such low sampling frequencies for
both modalities could significantly hinder performance in real-world scenarios,
especially if actions change rapidly.

Models like MM-TMLP-C2F10C2F30 and MM-TMLP-C2F10C2F10 provide
a good balance of performance, CPU usage, and robustness to misalignments,
making them the most suitable choices in most situations. Under stricter re-
source constraints, other models can be selected, albeit at the cost of reduced
performance.

Model Frame Accuracy (%) | Frame Fl-score (%) | Segment Accuracy (%) | Segment Fl-score (%)
MM-TMLP-C2F30C2F30 93.573 92.449 95.082 95.202
MM-TMLP-C2F10C2F30 92.567 91.867 95.082 95.228
MM-TMLP-C2F3C2F30 89.560 87.787 89.344 89.365
MM-TMLP-C2F1C2F30 88.022 86.329 91.803 91.298
MM-TMLP-C2F30C2F10 93.444 92.476 96.721 97.107
MM-TMLP-C2F10C2F10 92.791 91.806 93.443 93.670
MM-TMLP-C2F3C2F10 90.591 88.899 93.443 93.451
MM-TMLP-C2F1C2F10 88.031 85.939 90.984 90.523
MM-TMLP-C2F30C2F3 93.435 92.405 95.082 95.202
MM-TMLP-C2F10C2F3 92.181 90.950 91.803 92.044
MM-TMLP-C2F3C2F3 89.388 88.113 91.803 92.196
MM-TMLP-C2F1C2F3 87.421 85.567 91.803 91.657
MM-TMLP-C2F30C2F1 92.997 91.944 94.262 94.843
MM-TMLP-C2F10C2F1 91.098 89.748 91.803 91.991
MM-TMLP-C2F3C2F1 86.931 85.469 87.705 87.647
MM-TMLP-C2F1C2F1 84.267 82.138 90.984 91.203

Table 5.5: Performance, inference time, and CPU usage for MM-TMLP models, as
evaluated in the scenario depicted in Figure 4.4.

Finally, Figure 5.5 illustrates how the F'1-score of models trained on the action
prediction task varies with inference speed. The x-axis is on a logarithmic scale.
The dotted line represents a linear increase in Fl-score, ranging from 0 at no
inference time to the maximum observed F1l-score and inference time. Sequence
models are color-coded based on their frgp value to emphasize the clusters. We
observe that the models lie above the line, confirming that reducing inference
time does not lead to a proportional decrease in performance. Even for the HP-
MLP model with near-zero inference time, we still achieve results better than
random.
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Figure 5.4: Fl-scores of MM-TMLPs for different combinations of RGB and hand pose
sampling frequencies, as evaluated in the scenario depicted in Figure 4.4.
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Figure 5.5: Fl-score vs. Inference time for the action prediction models. The x-axis is
in logarithmic scale, and the dotted line indicates a linear increase in F1-score.
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5.4 Existing Works

We compare two of our MM-MLPs with existing methods that report results
on the validation set of the H20 dataset. Table 5.6 presents the segment-level
accuracy for these models. Despite being trained to predict actions for individ-
ual frames—a task requiring solutions distinct from predicting actions for entire
segments—our models demonstrate competitive performance on the validation
set.

Model Segment Accuracy
C2D [64] 76.10
I3D [65] 85.15
SlowFast [66] 86.00
H+O [67] 80.49
ST-GCN [11] 83.47
TA-GCN [33] 86.78
H20TR [68] 92.60
MM-TMLP-C2F30C2F10 (best) 96.72
MM-TMLP-C2F10C2F30 95.08

Table 5.6: Segment-level accuracy on the validation set of the H20 dataset.



CHAPTER 6

Conclusion and Future Work

In this work, we presented an architectural framework to address frame-level ego-
centric action prediction in resource-constrained environments such as augmented
reality glasses. Our findings demonstrated that models incorporating contextual
information achieve higher prediction performance at the current time step com-
pared to those processing data sampled solely at that step.

Additionally, we showed that leveraging both hand pose and RGB modali-
ties enhances the performance of models that rely only on RGB, with minimal
impact on inference speed and CPU usage. Further analysis focused on combina-
tions of sampling frequencies for the two modalities, revealing that performance
drops—measured as reductions in macro Fl-score on—are significantly smaller
than the corresponding reductions in inference speed and, critically, CPU usage.

These results justify the selection of models like MM-TMLP-C2F10C2F30
over higher-performance alternatives such as MM-TMLP-C2F30C2F30. By sacri-
ficing a small amount of predictive performance, MM-TMLP-C2F10C2F30 achieves
CPU usage below the 100% threshold on a single thread of an AMD EPYC 7742
CPU, making it more practical for deployment in real-world scenarios. Addition-
ally, we demonstrated that MM-TMLP-C2F10C2F30—and other models with
an RGB frequency of 10 Hz or lower—maintain robust performance under more
realistic, real-world conditions, confirming their practicality and adaptability.

Future work should focus on improving the efficiency and adaptability of the
proposed framework. One direction is optimizing the RGB stream, potentially
through lightweight architectures or quantization techniques, to reduce computa-
tional costs further. Another key area is the creation of a large, specialized dataset
for egocentric single-frame action recognition, addressing the current lack of data
for this specific use case.

Additionally, improving robustness to modality misalignments could enhance
real-world performance. Exploring new modalities, such as audio, gaze track-
ing, and head pose could unlock further performance gains. Finally, real-world
deployment and testing of these models on AR glasses would provide valuable
insights, ensuring practical applicability in diverse, challenging environments.
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Figure A.1: Number of frames per action class in the training set.
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APPENDIX B

Full Results Tables

Model Context RGB (s) | Freq RGB (Hz) | Context HP (s) | Freq HP (Hz) | Num Params
HP-MLP-v 0 N/A 1 N/A 0.61M
HP-MLP 0 N/A 1 N/A 0.62M
RegNet-12GF 1 N/A 0 N/A 49.66M
LeViT-256 1 N/A 0 N/A 17.89M
LeViT-256-distilled 1 N/A 0 N/A 17.90M
FusionNet 1 N/A 1 N/A 20.09M
TMLP-C2F30C0F0 2 30 0 0 23.29M
TMLP-C2F10C0F0 2 10 0 0 23.256M
TMLP-C2F3C0F0 2 3 0 0 23.256M
TMLP-C2F1COF0 2 1 0 0 23.256M
TCN-C2F3C0F0 2 3 0 0 26.63M
TCN-C2F1C0F0 2 1 0 0 26.63M
TMLP-COF0C2F30-v 0 0 2 30 3.79M
TMLP-COF0C2F10-v 0 0 2 10 3.7TM
TMLP-COF0C2F3-v 0 0 2 3 3.7TM
TMLP-COF0C2F1-v 0 0 2 1 3.7TM
MM-TMLP-C2F30C2F30 2 30 2 30 27.49M
MM-TMLP-C2F10C2F30 2 10 2 30 27.45M
MM-TMLP-C2F3C2F30 2 3 2 30 27.44M
MM-TMLP-C2F1C2F30 2 1 2 30 27.44M
MM-TMLP-C2F30C2F10 2 30 2 10 27.47TM
MM-TMLP-C2F10C2F10 2 10 2 10 27.43M
MM-TMLP-C2F3C2F10 2 3 2 10 27.42M
MM-TMLP-C2F1C2F10 2 1 2 10 27.42M
MM-TMLP-C2F30C2F3 2 30 2 3 27.46M
MM-TMLP-C2F10C2F3 2 10 2 3 27.43M
MM-TMLP-C2F3C2F3 2 3 2 3 27.42M
MM-TMLP-C2F1C2F3 2 1 2 3 27.42M
MM-TMLP-C2F30C2F1 2 30 2 1 27.46M
MM-TMLP-C2F10C2F1 2 10 2 1 27.42M
MM-TMLP-C2F3C2F1 2 3 2 1 27.42M
MM-TMLP-C2F1C2F1 2 1 2 1 27.42M

Table B.1: General properties of selected models. Context indicates the length of the
context in seconds that the model has access to.
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Model Frame Accuracy (%) | Frame Fl-score (%) | Segment Accuracy (%) | Segment Fl-score (%)
HP-MLP-v 78.373 79.686 80.328 85.748
HP-MLP 52.079 46.933 53.279 51.098
RegNet 79.997 74.844 81.967 79.437
LeViT-256 76.499 70.584 78.689 76.993
LeViT-256-distilled 79.112 73.692 81.148 79.854
FusionNet 81.139 76.812 84.426 83.266
TMLP-C2F30C0F0 92.327 91.154 95.082 95.352
TMLP-C2F10C0F0 90.454 88.974 90.984 91.084
TMLP-C2F3C0F0 88.589 86.667 88.525 88.674
TMLP-C2F1C0F0 85.900 82.809 87.705 87.322
TCN-C2F3CO0F0 86.621 82.752 87.705 86.781
TCN-C2F1C0F0 85.556 82.232 89.344 89.332
TMLP-COF0C2F30-v 86.157 85.301 87.705 88.761
TMLP-COF0C2F10-v 86.810 86.348 87.705 88.889
TMLP-COF0C2F3-v 85.118 84.848 84.426 85.356
TMLP-COF0C2F1-v 84.087 82.850 83.607 85.103
MM-TMLP-C2F30C2F30 93.573 92.449 95.082 95.202
MM-TMLP-C2F10C2F30 92.421 91.677 95.082 95.228
MM-TMLP-C2F3C2F30 89.844 88.055 90.164 90.318
MM-TMLP-C2F1C2F30 89.414 87.209 92.623 92.349
MM-TMLP-C2F30C2F10 93.487 92.527 96.721 97.107
MM-TMLP-C2F10C2F10 92.696 91.595 94.262 94.285
MM-TMLP-C2F3C2F10 90.419 88.577 92.623 92.193
MM-TMLP-C2F1C2F10 89.457 86.540 92.623 92.349
MM-TMLP-C2F30C2F3 93.813 92.887 95.902 96.154
MM-TMLP-C2F10C2F3 92.404 91.123 92.623 92.943
MM-TMLP-C2F3C2F3 90.084 88.499 93.443 93.324
MM-TMLP-C2F1C2F3 88.941 86.572 91.803 91.703
MM-TMLP-C2F30C2F1 93.246 92.133 95.082 95.535
MM-TMLP-C2F10C2F1 92.026 90.520 91.803 91.991
MM-TMLP-C2F3C2F1 88.555 86.756 88.525 88.346
MM-TMLP-C2F1C2F1 87.661 85.020 90.984 90.890

Table B.2: Accuracy and Fl-score of selected model for frame-level and segment-level

predictions.
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Model Time GPU mean (ms) | Time GPU std (ms) | Time CPU mean (ms) | Time CPU std (ms)
HP-MLP-v 0.332 0.016 0.214 0.010
HP-MLP 0.330 0.007 0.215 0.003
RegNet-12GF 8.961 0.052 336.472 2.098
LeViT-256 8.615 0.189 45.988 1.244
LeViT-256-distilled 8.571 0.157 44.986 0.691
FusionNet 9.223 0.231 46.331 0.564
TMLP-C2F30C0F0 22.028 0.203 2320.444 6.069
TMLP-C2F10COF0 16.200 0.279 720.304 2.470
TMLP-C2F3C0F0 16.072 0.272 219.823 1.272
TMLP-C2F1COF0 16.180 0.268 82.654 0.653
TCN-C2F3C0F0 13.682 0.241 251.176 1.950
TCN-C2F1COF0 13.652 0.192 100.226 0.742
TMLP-COF0C2F30-v 4.118 0.017 10.455 0.309
TMLP-COFOC2F10-v 4.089 0.027 5.428 0.064
TMLP-COFOC2F3-v 4.002 0.021 3.938 0.294
TMLP-COFOC2F1-v 4.024 0.027 3.136 0.036
MM-TMLP-C2F30C2F30 25.891 0.246 2306.591 3.887
MM-TMLP-C2F10C2F30 20.330 0.274 739.656 2.359
MM-TMLP-C2F3C2F30 20.245 0.285 229.074 1.265
MM-TMLP-C2F1C2F30 20.377 0.271 93.523 0.562
MM-TMLP-C2F30C2F10 25.832 0.305 2292.625 3.846
MM-TMLP-C2F10C2F10 20.305 0.271 722.962 2.351
MM-TMLP-C2F3C2F10 20.222 0.285 224.186 1.283
MM-TMLP-C2F1C2F10 20.323 0.267 88.688 0.684
MM-TMLP-C2F30C2F3 25.799 0.228 2291.908 3.996
MM-TMLP-C2F10C2F3 20.231 0.273 733.177 2.277
MM-TMLP-C2F3C2F3 20.125 0.267 223.906 1.266
MM-TMLP-C2F1C2F3 20.245 0.267 87.103 0.742
MM-TMLP-C2F30C2F1 25.780 0.240 2301.329 4.333
MM-TMLP-C2F10C2F1 20.277 0.275 724.087 2.416
MM-TMLP-C2F3C2F1 20.162 0.268 222.389 1.256
MM-TMLP-C2F1C2F1 20.318 0.268 86.358 0.743

Table

B.3: Inference time of selected models on GPU and CPU.
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Model Time CPU mean (ms) | Time CPU std (ms) | Usage (%)
TMLP-C2F30C0F0 1832.083 12.922 183.208
TMLP-C2F10C0F0 537.309 3.364 53.731
TMLP-C2F3COF0 154.724 1.670 15.472
TMLP-C2F1COF0 50.596 0.510 5.060

TCN-C2F3COF0 906.011 2.716 90.691
TCN-C2F1COF0 725.977 1.348 72.598
TMLP-COF0C2F30-v 282.789 1.432 28.279
TMLP-COF0C2F10-v 52.036 0.148 5.204
TMLP-COF0C2F3-v 11.330 0.072 1.133
TMLP-COFOC2F1-v 3.207 0.036 0.321
MM-TMLP-C2F30C2F30 2118.842 1.193 211.884
MM-TMLP-C2F10C2F30 823.950 0.859 82.395
MM-TMLP-C2F3C2F30 444.983 0.549 44.498
MM-TMLP-C2F1C2F30 339.411 0.748 33.941
MM-TMLP-C2F30C2F10 1880.565 1.001 188.056
MM-TMLP-C2F10C2F10 588.946 0.769 58.895
MM-TMLP-C2F3C2F10 207.478 0.337 20.748
MM-TMLP-C2F1C2F10 103.454 0.202 10.345
MM-TMLP-C2F30C2F3 1842.905 0.900 184.290
MM-TMLP-C2F10C2F3 548.006 0.617 54.801
MM-TMLP-C2F3C2F3 165.934 0.317 16.593
MM-TMLP-C2F1C2F3 62.461 0.146 6.246
MM-TMLP-C2F30C2F1 1833.635 0.957 183.363
MM-TMLP-C2F10C2F1 540.224 0.624 54.022
MM-TMLP-C2F3C2F1 157.785 0.282 15.778
MM-TMLP-C2F1C2F1 53.618 0.176 5.362

Table B.4: CPU usage of selected models.

B-4



	Acknowledgements
	Abstract
	1 Introduction
	2 Background
	2.1 Egocentric Action Recognition
	2.1.1 Single-Modality Models
	2.1.2 Multi-Modal Models
	2.1.3 Egocentric Datasets

	2.2 Vision Backbone Models
	2.2.1 CNNs
	2.2.2 ViTs


	3 Model Architectures
	3.1 Single-frame models
	3.1.1 LeViT
	3.1.2 HP-MLP

	3.2 FusionNet: LeViT + HP-MLP
	3.3 Sequence models
	3.3.1 TCN
	3.3.2 Temporal MLP
	3.3.3 Multimodal Temporal MLP


	4 Experimental Setup
	4.1 Dataset
	4.2 Preprocessing
	4.2.1 RGB frames
	4.2.2 3D Hand Pose

	4.3 Augmentation
	4.3.1 Mixup
	4.3.2 CutMix
	4.3.3 Random Erasing
	4.3.4 Random Horizontal Flipping
	4.3.5 RandAugment
	4.3.6 Repeated Augmentation

	4.4 Training Configuration and Evaluation Metrics
	4.5 Experimental Conditions

	5 Results
	5.1 Single-frame models
	5.2 Unimodal Sequence Models
	5.2.1 RGB Models
	5.2.2 Hand Pose Models

	5.3 Multimodal Sequence Models
	5.4 Existing Works

	6 Conclusion and Future Work
	Bibliography
	A Dataset Statistics
	B Full Results Tables

